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Opening Remarks & Paper Awards

1 General Chairs / Program Chairs
a General Chairs [£ EUZAYZ LY
O GOl &KFRE, PCHEZRLIOISLEEE
O FHEICETEREBMLTVS (SO AT-EMNWVEWLERMETSHELN )

General chairs
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Opening Remarks & Paper Awards
2 Workshop/Tutorial Chairs: F[ZDay 1-2DWS/TD1E'=
O Proposal submission/reviewt,LTLY%

a Demo Chairs
O [E#$kIZDemo® submission/reviewa 9 % _EIZ, Best Demo AwardDEEH+°5

3@ Doctoral Consortium Chairs

O BB BFEORM Eim - IBEEEETT S
a Social Media Chairs

O SNS#HZ, X/Twﬁter‘b’)fétJ:(ﬁ.?ﬁ‘(T%)

Workshop and Tutorial chairs
Doctoral Consortium chairs

> 56 workshops (34 half day, 22 full day) L : udy Hoffman
ent gra d/ldt mpItPhD
researcher: %

> 10tutorials  (1fullday9 half day)
Opportun tyf
Students to t twrh xperi

> One-to-on mthgftdttmentors

Demo chairs
] > Round-table discussions

iscuss career plans and research

eceived, 27 accepted

> Total 34 applications were r
e (10:30am — 4pm).

> Demos each day of the main conferenc

> “Best Demo Award” (100 Euro award)
Social Media chairs

Contribute with posts, tweets, likes

twitter.com o

wccv2023 @ f’yfg
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Opening Remarks & Paper Awards

3 Local Organization
O HhiEd SFEOPOYEYEFELTNT=
O 45 [EX, Registrationt,iHZ3 ?
O 1602 DRMEENRSTAT (HYHES )

l
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Opening Remarks & Paper Awards

a Diversity Chairs
Q ’i’f/ \—TAHERDI-HDFT
O SEIX(EERL?) EREANRVINEHEEENTHS

Diversity chairs

e Travel support for attendees

551 applications
164 registration waivers

Al B e
Giil varol Michael Black
Max Planck Institute

onts

128 travel grants Angjoo Kanazawa
University of California Ecole des P

e High school outreach event
. 40 high school students _@;‘;@E}
Co-organized with “Filles, Maths, Informatique” (Women, Maths, CS) L gz
Introduction to computer vision talk, tours of demos, posters, expo, orals &l 1

s Big thanks to all volunteers and mentors!

e Onsite childcare services ATLAVPAS

e Supported by a 25k donation from DeepMind, and 200k donation from CVF and IEEE-CS

Thank you !!!
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Opening Remarks & Paper Awards

a ICCV SMEBEBHDHETE
d 2017/20194 1= Tkt
O COVIDMDEZE T4 (2019: 7,501 —> 2021: 5,000)
O E—VBEZBALEN>=NE-STLYA(2019: 7,501 —> 2023: 7082)

Attendance in numbers

virtual only

Attendance /
I/
3107
wa |
2013 2015 2017 2021 2023

2011 2018

C L N e R A A S

As of yesterday: 7335 registrations incl. 6761 in-person
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Opening Remarks & Paper Awards

a Sponsors & Exhibit
O PIRYE—IEMNGIEDLE-T=7?
O SMABERFALT, 2019F<6LVBARLBNZ M HHIR

| sponsors & Exhibit

| > 47 exhibitor booths
| =~ co-organized with HEI
Ultimate i W ousvuron @ BOSEH

Google DeepMind
5 <kolena dJ* TikTok it meshcopave

Platinum

zon | science (O A arcn  Google Research OQMeta Al

Gold

TRLUS: IKOGNIC> SCALETE&SRCH

A‘ Adobe Maleo Qualcommw @O wavve Baittme B voxes: |
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Opening Remarks & Paper Awards
o [E - #hig Bl O ERIRE (1 / 2)
a FEHEE (8455mX THRED339IZDouble Scoreld L)
Q BE-DUHR—IL-FENMERE (ENhEN127, 77, 6658X)

= cvpaper.challenge
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Opening Remarks & Paper Awards

0 [E-HIE R OFRXERIRE (2 / 2)
O EUZMIEERER ? (JhE 595w, KE 545w, RAR: 455w X, 7T R :285wX)
Q BARF24:mX THAFE 124
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Opening Remarks & Paper Awards
O Best Student Paper: Tracking Everything Everywhere All At Once

https://openaccess.thecvf.com/content/ICCV2023/html/Wang Tracking Everything Everywhere All at Once ICCV 2023 paper.html

O MAEORZER - - 5B EEHFED “Best Student Paper Award” 2 &

ICCV23

Best Student Paper o

Tracking Everything Everywhere All At Once

Qiangian Wang™*  Yen-Yu Chang"  Ruojin Cai*  Zhengqi hE
Bharath Hariharan®  Aleksander Holynski**> ~ Noah Snavely™”

icornell University  “Google Research *UC Berkeley
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cvpaper.challenge

11


https://openaccess.thecvf.com/content/ICCV2023/html/Wang_Tracking_Everything_Everywhere_All_at_Once_ICCV_2023_paper.html
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Opening Remarks & Paper Awards
a Best Paper Honorable Mention: Segment Anything

https://openaccess.thecvf.com/content/ICCV2023/html/Kirillov_Segment Anything ICCV 2023 paper.html

Q TATEET A T—30FED “Best Paper Honorable Mention Award” &

ICCVZS

Best Paper Honorable Mention i

Segment Anything

iri i i ikhi i i Mao Tete Xiao
Alexander Kirillov Eric Mintun Nikhila Ravi Hanzi
Spencer Whitehead Alexander C. Berg Wan-Yen Lo Chloe Rolland
Laura Gustafson Piotr Dollar Ross Girshick

Meta Al Research, FAIR

il
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https://openaccess.thecvf.com/content/ICCV2023/html/Kirillov_Segment_Anything_ICCV_2023_paper.html
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Opening Remarks & Paper Awards
a Best Paper: Passive Ultra—Wideband Single—Photon Imaging

https://openaccess.thecvf.com/content/ICCV2023/html/Wei Passive Ultra—Wideband Single—Photon Imaging ICCV 2023 paper.html

O WBIHEIE (1 ~1E3f) -MENRTR - B —2 DIRG T H “Best Paper Award” ZE

l

cvpaper.challenge

13


https://openaccess.thecvf.com/content/ICCV2023/html/Wei_Passive_Ultra-Wideband_Single-Photon_Imaging_ICCV_2023_paper.html
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Opening Remarks & Paper Awards
a Best Paper: Adding Conditional Control to Text—to—Image Diffusion Models

https://openaccess.thecvf.com/content/ICCV2023/html/Zhang Adding Conditional Control to Text—to—Image Diffusion Models ICCV 2023 paper.html

O MEEREER (bone/edge?i &) Ho D BIE A BT (ControlNetifi X ) HY “Best Paper Award” 5
8

ICCVZ5

Best Paper (Marr Prize) Bt

n Models

Adding Conditional Control to Text-to-lmage Diffusio

Lvmin Zhang  Anyi Rao Maneesh Agrawala
Stanford University
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https://openaccess.thecvf.com/content/ICCV2023/html/Zhang_Adding_Conditional_Control_to_Text-to-Image_Diffusion_Models_ICCV_2023_paper.html
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FARILIZ language” Z S L Em X L8914 "dialog” (014 !
O “vocabulary” (174, “CLIP” (1944 . "Foundation” [£644. "text” [£9744
a2 Vision and LanguageB8{%& Tl&. CLIPICEAMNEZEH LT ZULNHIR
1 SEOCVPRIEBTIILLMEMNE 2 LIEZ 5 ?
QO SELLMESIT>TLNAD I 285D &

d LLM-Planner: Few—Shot Grounded Planning for Embodied Agents with Large Language Models

A Enhancing NeRF akin to Enhancing LLMs: Generalizable NeRF Transformer with
Mixture—of—View—Experts

il

cvpaper.challenge s


https://openaccess.thecvf.com/content/ICCV2023/html/Song_LLM-Planner_Few-Shot_Grounded_Planning_for_Embodied_Agents_with_Large_Language_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Cong_Enhancing_NeRF_akin_to_Enhancing_LLMs_Generalizable_NeRF_Transformer_with_ICCV_2023_paper.html
https://openaccess.thecvf.com/content/ICCV2023/html/Cong_Enhancing_NeRF_akin_to_Enhancing_LLMs_Generalizable_NeRF_Transformer_with_ICCV_2023_paper.html

ICCV 2023 M ENE] - {FT=(15/165)

Scene GraphZE Rt F-F=IRIR ? (£274)
o MEIFT—RDRYIZEE

[ Vision Relation Transformer for Unbiased Scene Graph Generation
A Environment-Invariant Curriculum Relation Learning for Fine—Grained Scene Graph Generation

A S5 ZHEFT—RRE

(A Visually-Prompted Language Model for Fine—Grained Scene Graph Generation in an Open World
(A Scene Graph Contrastive Learning for Embodied Navigation

o HRERAY7EPanoptic Scene Grapht 24k (TEgE(XEf~FK =)

A TextPSG: Panoptic Scene Graph Generation from Textual Descriptions
A HiLo: Exploiting High Low Frequency Relations for Unbiased Panoptic Scene Graph Generation

O Faster R-CNNAYERZIZIH &= 2
A Environment-Invariant Curriculum Relation Learning for Fine—Grained Scene Graph Generation
A Compositional Feature Augmentation for Unbiased Scene Graph Generation

ARybFFES —Sar mITDL—2F 5708 & S
a Bird's—Eye—View Scene Graph for Vision—Language Navigation
a Scene Graph Contrastive Learning for Embodied Navigation

il
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Vi ET L
O XA RJLEB([Z"Diffusion” EADT-ER3CEL: 141 / 2,161
0 W%E&F:ﬁ a1 1T T, BILVDEEADW A

a RIEFEFE: DIfMAE

W{At&E H: DiffusionDet,
©B18 9 El: Open—vocabulary Object Seg. with Diffusion Models DiffuMask, LD—ZNet
Text—to—imageE LD HRFT A X: SVDIff
E{&#REE: Prompt Tuning Inversion, Fashion Image Editing AIDI
E{R4 R MDT
3D-aware[BE[{& 4 R IVID,
A4 JLZHA: Diffusion in Style, ZeCon
BB #mEE: StableVideo, Pix2Video, Tune—A—Video
F— 3> 5% B: ReMoDiffuse
Low—level vision: ExposureDiffusion, Diff—Retinex
T AF A R Point-UV diffusion
3DET JLAE B Diffusion—SDF, Make—It—3D
NeRFA®D i AA: ReferenceGuided3D
Bt = B&Z: Erasing Concepts from Diffusion Models
E Rtk =E: PSLD
Q (lzHRILHYET.ICCV2023 Proceedings)
O BAFEETILOLEFLGIRAELONIL, 2RIEEDOBEEFHROI-OIZEALE-HARLH S
O nhntfEEMNEDHLN, mREMEWLWANEIZHTLSD TGN ?

(AR—ADEE L, EFRTEHE)

Lol doodoododood
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https://openaccess.thecvf.com/content/ICCV2023/papers/Wei_Diffusion_Models_as_Masked_Autoencoders_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Chen_DiffusionDet_Diffusion_Model_for_Object_Detection_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Li_Open-vocabulary_Object_Segmentation_with_Diffusion_Models_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Wu_DiffuMask_Synthesizing_Images_with_Pixel-level_Annotations_for_Semantic_Segmentation_Using_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/PNVR_LD-ZNet_A_Latent_Diffusion_Approach_for_Text-Based_Image_Segmentation_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Han_SVDiff_Compact_Parameter_Space_for_Diffusion_Fine-Tuning_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Dong_Prompt_Tuning_Inversion_for_Text-driven_Image_Editing_Using_Diffusion_Models_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Baldrati_Multimodal_Garment_Designer_Human-Centric_Latent_Diffusion_Models_for_Fashion_Image_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Pan_Effective_Real_Image_Editing_with_Accelerated_Iterative_Diffusion_Inversion_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Gao_Masked_Diffusion_Transformer_is_a_Strong_Image_Synthesizer_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Xiang_3D-aware_Image_Generation_using_2D_Diffusion_Models_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Everaert_Diffusion_in_Style_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Yang_Zero-Shot_Contrastive_Loss_for_Text-Guided_Diffusion_Image_Style_Transfer_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Chai_StableVideo_Text-driven_Consistency-aware_Diffusion_Video_Editing_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Ceylan_Pix2Video_Video_Editing_using_Image_Diffusion_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Wu_Tune-A-Video_One-Shot_Tuning_of_Image_Diffusion_Models_for_Text-to-Video_Generation_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Zhang_ReMoDiffuse_Retrieval-Augmented_Motion_Diffusion_Model_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Wang_ExposureDiffusion_Learning_to_Expose_for_Low-light_Image_Enhancement_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Yi_Diff-Retinex_Rethinking_Low-light_Image_Enhancement_with_A_Generative_Diffusion_Model_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Yu_Texture_Generation_on_3D_Meshes_with_Point-UV_Diffusion_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Chou_Diffusion-SDF_Conditional_Generative_Modeling_of_Signed_Distance_Functions_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Tang_Make-It-3D_High-fidelity_3D_Creation_from_A_Single_Image_with_Diffusion_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Mirzaei_Reference-guided_Controllable_Inpainting_of_Neural_Radiance_Fields_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Gandikota_Erasing_Concepts_from_Diffusion_Models_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Pandey_A_Complete_Recipe_for_Diffusion_Generative_Models_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/ICCV2023?day=all
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Representation learning
with very limited images

— The potential of self-, synthetic- and formula-supervision —

ICCV 2023 LIMIT Workshop

o “BHARFE” TICCV 2023 WorkshopZBi{E !

2 EE&%T:?-Q’@%E?%‘@%@%EE(:E?JL-CF#%Q%@EFE%)’EE%L,J::), &Ly
priit=|

a BEFAR—23VBEIFROR—DLREIZEEE

WS?DWebpagedY https:/isfs.net/imit23/ & cvpaper.challenge s
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ICCV 2023 LIMIT Workshop
1 EDEIIWSH—HF A XheFE-ST-?
Q B HARITOHEHYFEE (FOSL) RIELL-RBEE THELTLSIMEEICARYNSA
rEHT=T—0av T &1 E
0 BESRE EFEOERETILTHMHYEGREERLT, FBEETLHFE
3 AISTIEFormula-Driven Supervised Learning
https://hirokatsukataokal6.github.io/Pretraining—without—Natural-Images/

A MIT[XGenerative Models as Data++ (by Phillip Isola) https://www.youtube.com/watch?v=YuRAeQsTSo8
O WSOEUREEH : B -SRNIL-5TH)Y—RGE, Bonf=)V—ADOBPTRHB-ERETILEESE
FE

il
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https://hirokatsukataoka16.github.io/Pretraining-without-Natural-Images/
https://www.youtube.com/watch?v=YuRAeQsTSo8
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ICCV 2023 LIMIT Workshop

1 BEFETOHRN (~#1]:2023/02/10)
QO XYJ4EH:ICCV 2019 WorkshopZi&E'E http://Isfsl.net/ws/
Q T—2-SR)L-FBAVTAEEFKRGEE A iEZF RSO WorkshopZ 22 [E TIE[H|
# Y24 F - BT HERHYFE (FDSL) AYACCV Award
* YN ERT:TFDSLEED D —92 3y T 0V =TT a8 E-o1-
#1273 ARI:TICCVTI—o2 3y T 0Y-WFEFEERLAE ? |

*UIBERBREI(! ?2):TSLAELY, A ! )

#*YI6 5B F: TYILEF D UA—RLTEZRDS

* Y16 BHE1: BAREIA—HFATHERK, 1B1FEE2 AT ETE, FOSLAXSIAOMEFICA—ILLT
BINA—HFAY-BEETIZE

#* YIS BRI IRIESN - A—IL(ANE) ZTITT7AR—IILEEIE

O #YLH:ICCV 2023 Workshop Chairl Z#z#5 !

L OO0 LW 000

il
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ICCV 2023 LIMIT Workshop

o FRIRFEER (< 1]:2023/03/27 -> 03/31)
O FRELULEICEENZLS, BFEITE# ML
O #5588 %0 (Notification) HYEE HA
O ZIZOHFIRET, 13044515244 (40%) D H HERIR

We are delighted to inform you that your workshop proposal

#30: Representation learning with very limited images: the potential

of self-, synthetic- and formula-supervision has been accepted to the
ICCV 2023 workshop. Congratulations!

ERIREFFDA—)L LY

il
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ICCV 2023 LIMIT Workshop

a Workshop HEMNE (1 / 3)
O #*YUIEABRICE OISz X ES5ERejectZ b B DIFELEELDITHRAS ! JF=o1=
O FDSLEXZESIRAL TNERREEBAD BB D DOEY TA—ILZEYHRITT-

A BEFKELVATLALETEERA—IILLEN SO TEFHEEFESTVS EEOPYEYE
RE(FRZHNTTTYH, BRI AMRIAZIAZTAZEDRTENER)

O IFDSLEREL TN THYMNES | ITENTTHRXD BT ! JGEERINBNT, BREDOES
TSR EELE-SHD

A BEFREFTOBREESRDOEAENTHAORD B XX ZHIKD XRE, REIIEOEFRENDLE

A BEREOELHRANEE ITEEL TN = (RSt ! >+ -ZB-1LE), RIS =T(AT
FELREFELANILTLEETESDOAMDAE LTS

il

cvpaper.challenge

22



ICCV 2023 M ENE] - fT=(22/165)

ICCV 2023 LIMIT Workshop
2 Workshop HEMNE(2 / 3)
O WorkshoplE B [FHAEHIZETELEHE ST S
Q ICCV BXAR—VIZHFINFESD
O BR5TIRISLETLUOTES
Q FrEVIZRILKAR T HFEINEZD
a AR URZRISIEVLVSHARIZ A =T OKRKBEICIVFT S
QO OYNRBE | HFEREZRIBEA-MREEFATEDT—IEAN—RIZHEGE

il
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ICCV 2023 LIMIT Workshop
2 Workshop HEME(3/ 3)
a HAREMRNTCVPR/ICCV/ECCVHiERAE (DHAHZ) LTAIBES TIEARLN !

A STCEEF—LEBRLTWIREHZDOT—023vTI128#BLED
a 1. BEAMSDWorkshop (e.g., CVPR/ICCV/ECCV)MMEZ 5
—2. BN D AR A BRI 2R
O —3. [FREE 2 THEAMNE
O —4 MTERSEICHRXHAEM (S EICCVIEBARRASUNE24RD H-...)
Q —b FHRAREEETE - FEIBEA TERLEMIE !

WorkshopZ & ZEMNBARDILEVREF LTS !
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ICCV 2023 LIMIT Workshop

@ Organizing Team

H
H

H
H
H
H

BAR-KXEOWEEHICLYVIERK
Dan: GeLU, OOD benchmark,
ImageNet-C7Zi &

Xavier: SALICONZ: &

Connor: Improving Fractal Pre—training

FriEl/t#&8 /3 /5% /ILE/&H: FDSL

Qiu: VQA, Change CaptioningZi & V&L

) ‘;#,‘ @
Hirokatsu Kataoka
AIST/LINE

Rio Yokota
Tokyo Tech/AIST

‘Er L
2 B 1§
U= TR

Risa Shinoda
Kyoto Univ./AIST

Ryosuke Yamada
Univ. of Tsukuba/AIST

il

A |
(
d
Nakamasa Inoue
Tokyo Tech/AIST

{

-~

‘,ﬂ\;}

R P,
R VAV ¢
¥ :

Connor Anderson
BYU Fukuoka Univ./AIST

cvpaper.challenge
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ICCV 2023 LIMIT Workshop

O Invited speaker 1: Christian Rupprecht (University of Oxford)

QO 2B LEE (Unsupervised Learning) x R f-FT—4 (Limited Data) EULVOIERICELVLVIRIET
DEFEHREFEB I IZIVBARM AR VT RT HEVVOEE

Unsupervised Learning
from Limited Dato
L_—_-‘l :

Christian Rupprecht

e —

ERILBE &Y
https://youtu.be/IJBIFCIV_WI

cvpaper.challenge

il



https://youtu.be/IJBlFCiV_WI
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ICCV 2023 LIMIT Workshop

O Invited speaker 1: Christian Rupprecht (University of Oxford)
O WEDLARIILTIIERT—ATHLERERFZEDIENTES !

d CVPR 2023 Workshop (Generative Models for Computer Vision) THTEEDN IO, ERRETILIZ

EZ)IET%QZ’J’&%E;’J&, (i) BETERIFEEL T, Gi) BET—2ER, OAIETHEADETR(TEHES

Exploiting Generative Models

Three general approaches to employ generative models.

1. To solve the task directly

2. As priors
BRI EE LY
https://www.youtube.com/watch?v=
3. To generate training data HUyP2C2rYto

il

cvpaper.challenge
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ICCV 2023 LIMIT Workshop

O Invited speaker 1: Christian Rupprecht (University of Oxford)
O T—3%&EBLTET Ao T—3VDFEE
3 Diffusion Model (text—to—image) + 'IZO“)‘”(?—:/EID:E?)L'C*Unsupervised'Open
Vocaburary*Zero—shot RecognitionD 9 A 7—3 & FEHLTLVS

FET—ARIERKICKVENS !

Prototype sampling Segmentation
- fg/bg PR
— 1y 77| S e e prototypes
“A good picture & (, o &. ‘v aPrototy[Pe | ===
of a cat” S ""- N = - ggregation
i - " background
Generative ke prototypes
Diffusion
Model > T v =
R seg:ier “dog” prototypes ' ‘
g \ Protorspe | ' ERITEE LY
e e 1 , https://youtu.be/IJBIECIV_WI
N N ) prediction
LA 2 : “dog™ background
3 Bichhiypes = cvpaper.challenge
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ICCV 2023 LIMIT Workshop

O Invited speaker 1: Christian Rupprecht (University of Oxford)
O T—2Z%4% L THI{KRIEER (Object Tracking) DFEH
O ERBET—2IZXYNADOBEREERZTER (EX)
O HAGIE EZ D ENRZEHEL TEHF (Co-Tracking)
O E=EUYUR T, YiREEEERZEN A (AR, EZA—HEROEELFIEINDS)

B (IEE XY
https://voutu.be/lUJBIFCiV_WI

il

cvpaper.challenge 29


https://youtu.be/IJBlFCiV_WI

ICCV 2023 MO EjA] - T {-F=(29/165)

ICCV 2023 LIMIT Workshop

O Invited speaker 1: Christian Rupprecht (University of Oxford)
O BZEAFIZEDET—HFIZ&LYVision&Language Model (VLM) &
O EEPIFFIF=RAICEYVLM(CLIPAER) DHANZEILT D, ELVSEE

Referring expressions comprehension

B (IEE XY
https://voutu.be/lUJBIFCiV_WI

il
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ICCV 2023 LIMIT Workshop

O Invited speaker 1: Christian Rupprecht (University of Oxford)
a 51, KYAFANGBEMOETILNEZS
O ANBIZ&DFAZBLLDD, LAZRVZFIENT
A BT EEERT 2 ERETIL-BAGETILEFRALELS !

\/ A0 N TRl oty ¥ ap ¥ Y YN NN & IFEEXCYCLD YOG =
e l\‘ e Gl 8| Bl e [&2]% .Xl"l SIS N S 1@ | ood I
s |

e Make tasks more general
e Solve tasks with less effort ©

° C\ l TN o 1~ N } ‘ ( : - i \[ or : o : e Mmoo "r'", 2 YOO ) \ \' 1 J" EQ @{%(iijjﬁ;u
= O RSN e SO % % RS TS AR R T S https://youtu.be/I[JBIFCiV_WI

cvpaper.challenge s
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ICCV 2023 LIMIT Workshop E{&IETaU T ohR— &Y

https://mbaradad.qgithub.io/learning_with_noise/
a Invited speaker 2: Manel Baradad (MIT)
A —ERTLLL, EOMOEERTHEKEIFE TS

O BEEEIKOFEA Bt (DeadLeaves), ERRETILDHEIE (StyleGAN) Z%FI B
O X E (MoCov2) IZEYSIEMIZHEES
O FImageNet/Places’i EEERIZEDFEEF LIEX vy T AH AN TES JCTEITHLMELG ST

JARERBETHEMEEE ST

= cvpaper.challenge 32
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ICCV 2023 LIMIT Workshop E{&IETaU T ohR— &Y

https://mbaradad.github.io/learning_with_noise/
a Invited speaker 2: Manel Baradad (MIT)
O Generative At (TAT ST (2KBTZ5T40R)%ER
Q177 S L1ATIVELTRBETILNES
0 ImageNetZFEEL T1,000/21,000h 73 ZE &KL TEE

===
—
=

cvpaper.challenge s


https://mbaradad.github.io/learning_with_noise/

ICCV 2023 D EA - = f+=(33/165)
ICCV 2023 LIMIT Workshop EIETASIIhR—S &Y

https://mbaradad.github.io/learning_with_noise/
a Invited speaker 2: Manel Baradad (MIT)
O Generative At(TAT ST I12KDTS5T149R) %5
3O ImageNet-1kIZSEEEL T, Places365& LLER
A ZBEICKYETEIELMEZRY (fI: VTAB Nat. 59.72 vs. 57.18)

Pre-train Dataset I-1k I-100 VTAB Nat. VTAB Spec. VTAB Struct.
Random init 4.36 10.84 10.98 54.30 22.64
Places365 [6] 55.59  76.00 59.72 84.19 33.58
ImageNet-1k 67.50 86.12 65.90 85.02 35.59
StyleGAN O. [2] 38.12 58.70 54.19 81.70 35.03
StyleGAN O. [2] MixUp) 31.73 53.44 51.26 81.39 33.21
FractalDB-1k [1] 23.86 44.06  38.80 76.93 31.01
Dead-leaves Mixed [2] 20.00 38.34 35.87 74.22 30.81
S-1k 16.67 34.56  32.39 75.28 28.23
S-1k MixUp 38.42 60.04 53.24 82.08 30.32
S-21k 30.25 51.52  45.23 80.75 32.85

S-21k MixUp 44.83 66.36 57.18 84.08 31.84 § cvpaper.challenge
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Poster 4th am:Learning Gabor texture Features for Fine—Grained Recognition
a Fine—grained %Rk 28 LV TGabor Fileter T L1=texture BNENTHSH_EERLI=HX
@ CNN Encoderh o3 L1=4F&Region Proposal CHIY H L=/ \"wFZGabor filter| 1@ L =45 18%

V Al

FHTHEEEEITO

==

SINGAPORE UNIVERSITY OF
TECHNOLOGY AND.DESIGN

NVIDIA.

Visualization of Learned Gabor Filters

Motivation . i . :
CNNs are not sufficient for fine- 10N
grained recognition because: — e p
1. Loss of local detailed information. —= ; s [
2.Ignorance of high frequency = g = s :
components. c g -
Gabor Filter ] 8 s ; E .
L z (b) Repion () High W Fien (d). Low- W Fiters

N E
o= gt { - (SE) ) ot , —" B B
ture B " 1 The. high- frequency filters capture information of
— |- undufating. reas such as.speckles and-ripples,
Extractmg backbone features -> Selecting cruclal reglons > Captunng Gabor texture features low-frequency | y filters capture I"fof"'lﬂlon rela
| smooth changing areas.

—Results on CUB-. 200 2011 Training Curves

(Z=zc0s0+ysing
9=—zsinf + yeosf

A traditional image filter to extract
teWeatures. A
' Learnable Histogram Operator (LHO)

Use Gabor Filters
pturing local-detailed

ResNetS0 (17
ResNet101 [17]
DenseNet161 [19]

5 extract sufficient hlgh
W»fnformatlon

ical textus

v ct"g\ : -. i »,' o b
learnablehistogram
e 4
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Poster 4th am:TextManiA:Enhancing Visual Features by Text—driven Manifold
Augmentation
o Text embeddingZZEBl DY TAORZRANTEDEWGE DFHZFEGREFHEDN BT ZETData
augmentationZz 9 A i X
O Text embeddingZ[FCLIPABERTZFHLYTLYS

" ad a
eSS

Bk El TextManiA: Enriching Visual FeatJr;s by Text-driven Manifold Augmentatiqn ICCM_YZB

<class> catt.> + <class>
Moon Ye-Bin' Jisoo Kim? Hongyeob Kim®  Kilho Son*  Tae-Hyun Oh’

; 4 . .
: i Yo 05 To: flower” T,: “red flower" Training Process
B o 'POSTECH  2Columbia University  3Sungkyunkwan University  “Microsoft Azure \0 V) e \ '
: — . . \ 1
TexthaniA Characteristcs o Difference Vector \ : 1. Given image I, & label T,
Pranv R <classy  catt.> + <class> Tralning Process Difference Vector vs. Random Vector
ot NS Im Ty: "flower” T,: ‘red flower"
L7 Auig Tt 8 e 1 ! S i - ! :és' 2. Synthesize text variant T,
f/':’: AL O & \ s \ ' 1. Given image I, & label T, ) d Em.f
1, e el AV = & o 38.43 2 Text Encode
. Red Bull a3 - ﬁ' 2. Synthesize text variant T; S [2) r i
w' :“ > L t - ‘ i it Encodey 3. Compute difference vector Ag..; ector (Ours)  41.10 [o¥ . 1 3. Compute dlffefence vector AO_.1
K nus | Vi \ [
Text Embedding Target Visual Feature Space MWIJ [ 4. Add proected i) ITage « Random vector: strong counterpart in terms of densification - . —— v 4 Add projected A with image
y £ + feature £y + Both vectors densify sparse samples, but Diff > Random o ‘ m e ' : 0-+1
Contributions o, e en-en) 5. Train the model with augmented = Semantic information s important m Fm , T
® TextManiA: visual feature augmentation by conveying | Difference Vector 4., feature f;, - Difference vector: attribute information featul'e f Iy
attribute information from the text to visual feature space (Eimbecded Mibute = 1ec): * Random vector: N/A +
Predictor e
. I:(pful ;:5 densifyl:‘l spars:’ sa.mples in long-tail case ! ::::.. Madel \ AAugm_ented Feature: ; Difference Vector vs. Direct Text Embedding B e o i “l' - ‘1, ’ 5' Tl'aln the mOdel W“h aUgmentEd
(r tra-class semantic :rtu ation) 8 i o A fio = fi, + @ - proj(4o.,) C.LIP a PN’(AO..‘) 5 ) v 0
® Compl Y to other mix-based ions in = Difference Vector 4.,
deficient data case Experimental Results } (Embedded Attribute = r:ad) feature i!o
Findings & Interesting Points Long-tailed Recognition Evenly Distributed Scarce Data
= (CIFAR100-LT, IF=100) Classification (CIFAR100-10%) e
® Although trained without visual information, embeddings i m ————— A d F
5 % { .
rom pre-trained language models have visual semantic el T’m‘ Task Model ‘ Ugmente eature .
40.65
® This information can be used for visual semantic 41.10 f

augmentation by aligning to the visual domain with a
simple I PR ® Improvement from the language model (have not been exposed to images)

® Inter-class + intra-class perturbation = synergy effect
Omm‘wmﬂm'red"ammew = i
obtained from “red bull” - “bull” exhibit low similarity Compatible with the well-established works (bn.m,.u)
\_4:"- they contain different contextual information Method Many  Medium  Few Al
T 5114

LTask proj(-): Projection Function

il
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Poster 4th am:Texture Learning Domain Rndomization for Domain Generalized

Segmentation

0 ZFRGETexturel TR BN

segmentationTF;EZNDIEE.

3 Encoder® HH /1(ZImageNet®D H 71 Ostyle EMMEE D H AIFEDFTAEIBFEEETo>TLNSAOMN

FHERY

Motivation
Texture and domain gap

. I -
: Tm;geNet trained DNNS often tend to focus on texture [, 2]
exture often varies across different domains (e.g,, synth-lsnc/.r ]
making the DNNs vulnerable to domain shift. : =

Experimental Results

Quantitative Resuls. GTA - Gcam, 10, My ST

|
ig” . Style Transfer Module (STM): Transform an original
"‘ ¥y , Texture Extraction Operator (TEO): Extract only tex
o ol TLDR: Texture Learning Dom:
© o (Q TS Lo e s oo e s

Figure taken from [1]
(1] ImageNet-trained CNNs are biased towards texture
(2] Intriguing Properties of Vision Transformers
ion (DGSS) methods
ted to solve the domain 2P
r texture.

Erad

Dpomain e oD
\GSS methods have 2
- EEES odels to prioritize shape ors

. Therefore, the models h fficulty distinguishing
ave difficulty dt i
’ o alk/terrain)-

cimilar classes (e.g, road/sidev
iering (©) 00"
e hereas the texture

() Origina! SOUr®

in DG

‘scrimln:ﬁve cues i

o res are entangled in tSNE'( e
e y separated i SNE (b) !

dlea -

petween shape-

Ly
sses. L
Entropy L o
cross ion Loss Z1

Texture Regulariz®
fro, S S
R R UK L in
zatie ro =L e &
) s /B PE gr
p Mo =
vl

rexture Gee™

sing (RS
style Mo
Rando™

il
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The 2nd Workshop and Challenges for Out-of-Distribution Generalization in Computer Vision

Qd T4—T5—ZUTFTIVIE, EETAMT —2DRILATANOETNSERESN TS, EFEDOTFY)

T TRATNRLEIFEN S HEETORRLLDTHEENH .

d ZDT—93yT Tl FEEELGDIHDTODOODEHRIZRTHETILORIGAZEERL, =d2D5BFZEEL

TE DL FHE.
Q $I2, DT RT— )L THEAIFEESINZETIILOOODHREICEREZHTTLS.
[ID Image OO0OD Image

3D Pose

P

Texture

"”ff;f.';‘,f' - Weather
-6% -16% 21%

il

cvpaper.challenge

38


http://www.ood-cv.org/

ICCV 2023 M ENA] - {FT=(38/165)

Oral¥ 3%: LORD: Leveraging Open—Set Recognition with Unknown Data

4
4

3

Bonti=T

XTI, LORDEWWSTL—LT—V%1RE

Unknow classz L 52 & T, BRAN D fEE RN D FEE
NEETIVIEEE, HoMLHE
’\?‘E%ODT D HEFRFICEIENELS.

—AZtEybTilfESh, RIAMDFHZEMICDONTIEZ RSN TULERL O,

ZL, HIFEPICKRAMOZMERTRBICETIII5H5ET, =T

“JF%E&(OSR)G)EﬁE’EHJ:éﬁéﬁ&E’Fﬁ SRR

- BET—ADKREZTERTH=ODOT—FERBEMELTMXupDMEEZZFESE. mixuphEET—2DREEL

THRMTHAENEERTREINDS .
» o *
[
' L
/.o L “..o K * e
Taut oo %
® Known ™y * .: ®
classes (KCs) ® :. - '.
\o ® : :
@ 1ee
*
® rn o
. o / i1y
Kn nkn Unkn( nkn
o cla;)sve‘:];l(l;(U(?s‘;m\. t/clgsse(;“(/{lJ{IJCs)own o o

(a) Training data (opaque).

(b) Test data (opaque) with train-

ing data (shaded).

Figure 1. Overview of data types in open-set recognition. The
training set in (a) includes known classes (KCs) and known un-
known classes (KUCs) (@®). The trained classifiers in (b) model
decision boundaries for KCs as dashed ellipses. KUCs correlate
with the training set’s KUCs, exhibiting higher identifiability in
comparison to the unknown unknown classes (UUCs) (), which
can exist anywhere in the feature space.

il
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Borrowing Knowledge From Pre—trained Language Model: A New
Data—efficient Visual Learning Paradigm

1 BHIFEEFAHNDEZBET )L(Language mode)ZF|FAL =R EET JL(Vision model)D
MERTIENES FEBorLanDIRE
QO REETILHAKRNDELGERMBL S Z 45T Al 8E
O BEHORFI—U T DERETERK
1 FGVC Aircraft
O Stanford Cars Offline knowledge extraction Efficient vision model training
-1 CUB-200 [ Embedding )—1 [Prediction | [Densener |
Deberta | A i) ConvNext
ICCV Open access: : / Q\ )
Borrowing Knowledge From Pre-trained Bert 4 )m “ ( ResNe
Language Model: A New Data-efficient GPT3 Swin
Visual Learning Paradigm (thecvf.com) T T .
GitHub: '
GitHub - BIT-DA/BorLan: [ICCV2023] Borrowing Concepts t Images
Knowledge Frqm Prg-trained Lgnquaqe Model: A Ian uaae ' . 4 ViSiOn
New Data-efficient Visual Learning Paradigm mode An(fhal o ;i.“-;”- {tlger, cat A - mOdel

= cvpaper.challenge


https://openaccess.thecvf.com/content/ICCV2023/papers/Ma_Borrowing_Knowledge_From_Pre-trained_Language_Model_A_New_Data-efficient_Visual_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Ma_Borrowing_Knowledge_From_Pre-trained_Language_Model_A_New_Data-efficient_Visual_ICCV_2023_paper.pdf
https://openaccess.thecvf.com/content/ICCV2023/papers/Ma_Borrowing_Knowledge_From_Pre-trained_Language_Model_A_New_Data-efficient_Visual_ICCV_2023_paper.pdf
https://github.com/BIT-DA/BorLan
https://github.com/BIT-DA/BorLan
https://github.com/BIT-DA/BorLan
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Workshop: What is Next in Multimodal Foundation Models (1/2)
a AA4FkJL: Goals, Memories, and Summaries from Large—Scale Narrated Video
Q FHERFH Kristen Grauman
O FHRME :Learning from large—scale narrated videos —> FEEMND4DNDRE VY
A Hierarchical video—language embeddings
O Action descriptions (what) & summaries (why) D& EBRE{ZRZFEE-> HierVL [CVPR, 2023]
1 Episodic memory language queries
O Augment NLQ(natural language queries) training by learning to temporally localize narrations —> NaQ [CVPR,
2023]
0 Densel:7'7]'7')‘/70)##130)1‘5*)[')( 1) TEEIRT HTETIAXMEIRE-> SpotEM [ICML, 2023]
3 Visual Narrations in how—to’ s
O Visual related / non—visual narrationsh‘Video narrationsT—4%t YN ZEIE
O 770—F H\EEZ(ZE{RT BnarrationsFdetectiond A ETRULMEFHMRIA
A Fast video features with IMU
0 Densel:\\7_‘\\7.|'7')‘3700)¢5fﬁ¥ﬁ0)31|~73{
o 77a—F: IMUMS ., HeadDE— “/51/7:1& DT —A%1HF Tsemantics EBAE (T (+-> EgoDistil [NeurlPS, 2023]
O Low-level ego data TSemanticsZ AN M RITHOTETTLNS ?

Video Frame Camera motion (IMU)

[ EgoDlsnII

EgoDistil [NeurlPS, 2023]

~
~

it
&
il
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Workshop: What is Next in Multimodal Foundation Models (2/2)

H

H
H

A KJL: Visual Commonsense Reasoning with Large Language ModelsTowards 3D Representation
earning at Scale
FFKZE : Chuang Gan
IHFE D Multimodal Foundation®T )LD EIRE & :
Q 155D FEvAELERSEL HCommonsense 3D Scene ReasoningBE 1 ({EFRETIL
: ChatGPT + OpenFlamingo)
A D 3D Reasoning:
O O78EN ZERRER, SRTHERE, HRRGIRTA—RZR %L
ABILARJLD 3D Reasoning IR S A
O KRE3IXIT-EET—F Y EEIRE (box—demonstration—instruction—based prompting)
O FERFEN . ZREOIRTHEHRIR. IL—LT—VZHEE:
A 3D-LLM framework: 3D scenes —> Multiview —> CLIP feature
A Direct construction, nerf, slam
O F;XIRZE2: Communicative decoding+ 3R ITHHHARIE ., XEEM - BEBIMNGEETILELED
FRFED A METE: 32X Tt Visual Reasoning, CompoistionalReasoningZi & (ZHUN>T=181E TIXLLM D) 58 A
T HIETHE)

il
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ICCV 2023 M ENE] - fT=(42/165)

Workshop: Vision and Language Algorithmic Reasoning (1/5)

O Invited talkIAZ : unsolved problems in video understanding
o FRFE:Jitendra Malik
O Unsolved problem 1: [G]B[Zreconstruction, recognition, trackingZz &= ¥ & T1T1O
O FXHBA :Human in 4D: Reconstructing and Tracking Humans with Transformers [ICCV, 2023]
0 RNBR:ETAMS., BEFIZ3RITreconstruction&TrackingZ TOFEZFIRE,
a3 Unsolved problem 2: long—form video recognition
a M HBIY: EgoSchema: A Diagnostic Benchmark for Very Long—form Video Language Understanding
a NZA:1. Long—formE T4 %Ll 9~ 5542 temporal certificates (AEIDEIET T BIZHEBLGTR/INT T V)T DER)TIR
;2. K& Long—formE T4 T —3 1Y EgoSchemaZFig E, EgoSchemal IBEFEDIBE TARUFI—HELER T, &
:E”—J(,\temporal certificatesZ 8 1-. B 1250 B LLED3DETANSIERT 5,
2 EgoSchema TR BEFEOHZRLEWFERIIIOIEEDIFE LTS (TF LIF20%) , Scaling token—based LLM[Z
essence of the 4D worldZIBEE T/ V=8 . EgoSchemald 45 & DLong—formENEFRHD BLIRFI—H L5,
3 EREDAMRME:BREDEE. YouTubelTEDBE RLBETAY—ANLEELGE

§ || . \ EgoSchema& BIET—4t Y FOLLE
8 “on o var

]
il
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L 1Y / NextQA
Human in 4D(DE¥9‘J ° * Video Clp Lengh



ICCV 2023 M ENE] - fT=(43/165)

Workshop: Vision and Language Algorithmic Reasoning (2/5)
O Invited talk A& : The Missing Rungs on the Ladder to General Al
O F 3K :Francois Chollet
a LLM®D PR (e.g., hallucinations, --+)

o BBESINET—2O/NSINEFHIIHLTANAMERZE

a2 RephraselZB§L TANANMENARZE

a0 FET—RIEENTULVENNZRIIZEELY

o AETEEEA T B
O Conceptualizing intelligent systems®D 7 HEA :

a fluidity —> on the fyCEILWNT AT S LZ &R

o FET—ARAKYLITNIELALIEE KU operational area

a information—efficiency
2 Generalization [XAID F10) 975 [ =B

Q uncertainty, novelty, autonomy, unknown unknownsZi&E D XL M AE

O Generalization® zE{fh

=Rey

O experience & priors ZaMA—)L-> I2ZEARCT—41z v (abstract and reasoning corpus)

O LLMs are not good at ARC (5%to10%)

il
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Workshop: Vision and Language Algorithmic Reasoning (3/5)
O Invited talk A& : The Missing Rungs on the Ladder to General Al
O F 3K :Francois Chollet
O Abstraction [FGeneralization® 7 :
0O Abstraction:representation, patternsz=H R L . B F|
O Abstraction® L N)L : Pointwise factoids —> organized knowledge (LLMs [£ZZ<6LY) —>
generalizable models —>on—the—fly model synthesis —> AGI
Q Abstraction® 2 M Pole: prototype—centric (value—centric), program—centric (LLMs|Z HiI & H 58
. BEMNEHELY)
0 How LLMs do abstraction (word2vec analogy): good at type 1 but not good for type 2
o REDARE:
O prototype—centric & program—centricx 59 D, Bl :DLETAY S LEREZHHAEHES
o BEEMFZELE) : Hypothesis search: inductive reasoning with language models (2x performances
on ARC)

Train Examples Generate Hypotheses Select Implement Validate

Hypothesis search:
LLMZFIFA L. BEERI(CExplicit
hypothesisZ&mk L. BIREZRELNTLY

il
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Workshop: Vision and Language Algorithmic Reasoning (4/5)
a Invited talk & : Concept Learning Across Domains and Modalities

O RFEFH :Jiajun Wu

o a2t T REfEESymbolic reasoningZ A LI=ETILD A
O HAEOHEAELESymbolic reasoningZE M FT-=ETIL:
A Scene parsing + semantic parsing + symbolic reasoning [NS-VQA, NeurlPS’ 2018]
O FIEDFi%: ViperGPT. Visual Programming [CVPR’ 2023]
QO REOEAELESymbolic reasoninZzfESSE-ETI/L
Visual representation + concept embeddings + semantic parsing + Neural-Symbolic learning [NS—CL, ICLR 2019] (2R JtiE{2£)
temporal reasoning, causal reasoning [CLEVRER, ICLR’ 2020] (NS-CLD E#jE{&~D /& H)

Learn to execute neural programs in 3D point clouds [NS-3D, CVPR’ 2023] (NS-CLMD3D~MDItA)
BABEL-QA dataset [NS—Pose, ICML’ 2023] (NS-CL® 3D Humans~® /i A)

program—based modular paradigm [ProgramPort, ICLR’ 2023] (NS-CL®robotic manipulation~® [it: FH)

O REDIEAELSymbolic reasoninZfEa st 1=, KAMEE DFoundation®T )L
A LEFT (logic—enhanced foundation models) [NeurIPS, 2023]

A LEFTO#E1& : domain—independent reasoning (LLM), domain—specific grounding:; LLM interpreter + first—order logic executer
d LEFT A& D Multimodal LLMs ({5 : OpenFlamingo) EEE X . unseen complex reasoning tasksIZxt L THREM EEIRIIZE LY

EE Ny Ny Ny

Visual Representation Concept Embeddings

| : o

; Obj | Sphere N EEEESEN ... §

- ‘ — 1 Symbolic Reasoning
j o N Back-propagation

| — .
Answer: Cylinder NS-CLETI/LIEE
Semantls Parsing (Ganciaia niorproiaiong) Groundinu Box

2 ; S 1V Query(Shape, Filter(Red, Relate(Left, Filter(Sphere))))
QO What l? the shape of messd! X Query(Shape, Filter(Sphere, Relate(Left, Filter(Red))))
the red object left of the :

! X Exist(AERelate(Shape, Filter(Red, Relate(Left, Filter(Sphere))))); REINFORCE Cvpape r- C h al I e n g e 46
sphere? D ]
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Workshop: Vision and Language Algorithmic Reasoning (5/5)

a Invited talk & : An Open—Ended Embodied Agent with Large Language Models
O FFEXFEH : Anima Anandkumar & Christopher Choy

2 MINEDOJO: [NVIDIA, NeurlPS’ 2022]

O generalist agent (open—endedIRiE + 42—~y FENE : YouTube. Wiki. Reddit)
Q 3000+2RX% (programmatic 2%, creative ARV EZHBH)
Q MineCLIPET JLHIEZE (contrastive video—language foundation 7 JL)

a Voyager: an open—ended embodied agent with large language models
Q #FHTOLLM-powered lifelong learning agent
Q a7 7AT47: 3—F TEmbodied AgentZa>bO—)L

O $&3&: automatic curriculum maximizing exploration; ¥l 5k L% (74 Skill library; interactive prompting mechanism;

Open-ended Environments Generalist Agent Internet-scale Knowledge Base
Craft Glass Bridge Build Oak House Make Ice Igloo = - -
e . - -
o - % w S =
= —2gms L 4 af"ﬁ =
S - =N E]
S L S
y | —!7
Combat Zombie Fish Squid Farm Sugar Cane Lt
seription Sorvanabet  Picd
-- b= i Pk
Find Ocean Explore Treasure Hunt ;
Monumen t Desert Templ in End City umu"”hcm:rg'cys(rugg ing to get up
« - i
N s u -
A .*' - game, and late game
| = hall
= CVvpaper.cnalienge
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Workshop: 5th Workshop on Closing the Loop Between Vision and Language
o FRIRGEX (ER%)

(A Instruction—tuned Self—-Questioning Framework for Multimodal Reasoning
Q LLMTREBAICHEIN TS, self-refineZMLLMTHVQAIZEAL T1To1=8/X
A Zero—Shot and Few—Shot Video Question Answering with Multi-Modal Prompts
QO BEOIVI—4F—DHANELLMO A AIZEHE S ZF (BLIP2, InstructBLIPAZE D KIRBEMREFZET LM
TOoTWNASI L%, BB THIT o5, LLMEL TIE, RoBeRTaZfE AL TLV2)
A Simple Token—Level Confidence Improves Caption Correctness
d Image captioningDETILOHEAIZEAL T b—92—DF DIZETILOHE D BIEEH L (confidence) ZH H L.
ZMconfidenceN—ERHELZ - ET. ETILICE—LY—FHFI LMK
Q BiffiZiconfidenceME & . confidence FHIETILD ZDTHx T a3 DconfidenceZEZ TLVD
o PRk
O AREICHEARTEBHHINEWN(TAIA) DT, MLLMIZEET RN ZLHREZ (1=,
O fhicd, KYHRIPHELOERERELT VDR ELEVSRXDBYDRNET RO X ERZ oM T,

https://www.aclweb.org/portal/content/5th-workshop-closing-loop-between-vision-a
nd-lanquage-clvl-iccv-2023

il

cvpaper.challenge
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Workshop : 1st Workshop on Open—Vocabulary 3D Scene Understanding
(OpenSUN3D)

M| WS*E%E kx/_/ntb\nji%j_ ?/’1“#"‘(’77U_' HIL-\‘-.:IJE %0)7""&)0)9;(7
SLEIEAE. T—4EyNZELTERT 27— a7,

= Fﬁu.?“’#ﬂ 3 IICLIPZEE D RRIELBE—T F AR T TEESNHHEE =
«Rxd)nwﬁkl HARATHAENFEAETH T,

1 Keynote (3R %)

A CLIP goes 3D: Leveraging Prompt Tuning for Language Grounded 3D Recognitio

3 FRFE : Vishal Patel
EI https://arxiv.orq/abs/2303.11313
WXDBN . ZRTAB . LUFYTEE, ¥ Tavnr) TUybERNT3DIV a—42%%E,
EI Zero -shot T4 #4. image-3dt& & . MARRRHGE D IR A[RE Lo T=,
1 3D Simulation for Embodied Al: Emerging Challenges and Opportunities

F R A Manolis Savva

NETNHEmMbodied Al IREBOBNAPO. SEIUIAL—La BENREIHIRENZDOLVTHDESR,
2L —avIFEREEL. TIVIRYIRELTIHRS D ILBEBHATIIELY,
ABSDTAT—0ThHhAHIEDKY]

NETODT—AEYMNMIA—ToRFHTZ)—EEZB?

BB ZRELA VATV ARER T — 2 Y DL E

I_

OO0 oDo Ll

il

cvpaper.challenge
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SegRCDB: Semantic Segmentation via Formula—Driven Supervised

Learning
1 EEBZTZANT v Tav 0T AT =3  DERIFBEERREIZT 5T —42 1Y
MiEE
O EDIOIBERNEIUTAVIET A T—2av KO MEFRE
O BEAFALAEEE
O COCO-StuffERIMBMTLIYEWERIFE IR T IZER

(a) Number of instances (F1) (d) Occlusion (F4)

What Matters in Semantic Segmentation Pre-training?

@ w/ occlusion @ w/ color @ 1 omz
@ @ @ M=1 2 4 16 64 r =100 200 300
N=6 . m3

w/o occlusion w/o color

(b) Fine-to-coarse masks (F2)

E n >
m? m3

L random colors L— no color —

(e) Number of polygons (F5)

Pre-training Image

Ground Truth Mask

fine

K=5 10 30 50 100
(f) Categories (F6)

Fine-tuning @ ADE-20k @ Cityscapes
COCO-Stuff-164k  43.39 GTAS 71.00
RCDB 41.07 RCDB 69.66 . . . . ===
ScgRCDB (Ours)  43.85 ScgRCDB (Ours) 73.06 Project page: https://dahlian00.github.io/SegRCDBPage/ = cvpaper.challenge so
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Doppelgangers: Learning to Disambiguate Images of Similar Structures

a 2RDEZRN L., EROFOYA (F: B ARI—REGONEIN T 55X
DRE-T—3Evh-FERERE
Q T—REYMRE 22202 (SURT—UF) DI6kA 23—V MNEB M OEREIN S,
O N—REER:BEBRRT7HoF—RAUMEHL, F— KA bOXISBEFR T2RDEBZRNR—KRE T
HEMESIDDNAFIILEEEIT
1 RESRVDEMEREE REFEE I F—EL T/ A REREHRLU-RBREF ELVEEL
IRTBHERMN TS,

(a) Image pair (top) and
keypoints and matches (bottom)

(b) Aligned image pair, keypoint mask, and match mask (c) Binary classifier

IREFEDINAMTSA

il

https://arxiv.org/abs/2309.02420 cvpaper.challenge s
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ScanNet++: A High—Fidelity Dataset of 3D Indoor Scenes
0 KiRhigh—fidelity EN3IRITL —2 T —HFtYhScanNet++DIEE
Q T2t Vb0 460high—fidelityZERL—2 T A T—3 0 fE, D—2V T EMDSLR,
iPhone RGBE{#tL&E N5,

a 7_'\\—/)"'|2\“J|‘0);ﬁﬁﬁ'|@:._:80ene recognitionF X7 D, BRFEDIRTL—0T—2 Y LTHRED=O
XL D50 Novel View SynthesisR AT NDFE - TAMIFRATES,

DSLR Image

ScanNet++@)
ARZZADH

il

cvpaper.challenge
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Breaking Common Sense: WHOOPS! A Vision—and—Language Benchmark of
Synthetic and Compositional Images

a Human®CommonsenseZx 3 AN FI—IT—453 1t yMWHOOPSDIRE,

Q WHOOPST—4At vk : E{&H(Z A D Commonsenseé T HES (il : E LS —YHh MacE{ES%
EVNEENSBEERE (ERAETIER) EFD R CommonsenseERF ABIZKYT7/T—ard
BTXANT—ATHEEINS,

O WHOOPST®MEER :BLIP+GPT3. Ground truth caption+GPT4%4E D& LVET JL TEWHOOPST
DERNBET dRMMABHH_EETRLIZ, Tz, E@%#J@@ay%v‘-#x#l:gﬁﬁg%/’n’&
R—X |Zreasoningd DEREMN ARBILANILEREEAHY . BEHZBINSDWHOOPSD R MNINWETH
HEHETRLT=,

%1 1. Explanation Generation 25\\93 3. Cross-Modal Matching

Model Pandas live in the China bamboo forests, subsist C: A panda bear is fishing for salmon Model  sim(Img, C)

& almost entirely on bamboo, and do not hunt - . . & >
salmon fish like the grizzly bears. U A bear is fishing for salmon ©F sim(img, v)
;ﬁ 2. Image Captioning @ 4. VQA

Model A panda bear is catching salmon fish up in the (1: What is catching salmon in a stream? Model A panda

@@ river stream.

(: What does a panda bear try to catch? @@ A salmon

WHOOPST—4A3tvYhTITAB4DDARY

il

cvpaper.challenge
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Advancing Referring Expression Segmentation Beyond Single Image

A JIL—TEBREANTHFRANG, ANEEIEEHE T AVNTHE2RY-T—21y
I\ %:_io)]:ZE*o

O Group Referring Expression Segmentation® A1) wk: EIRIBEHTFEXIYIELY, FEE D XEMNLUNE
BOXIHR. BFFICEMEE O IHZERIEEIZLT=, Group image search®°RetrievalZiE D AR I %
Al gE(ZLT=,

Q ifg‘é%‘i:EZKODSOTAM/J“%*/-?—:/H*/%‘:EE? HARYITHESLI=D VT IVER—IS5(%

?_".
: A\ |G @
5
é" o 650§
. = = il
N 1
Group segmentation® ity 15 HE A\ = | |
ece
5 l Rank Triplet Loss
a person wearing a hat playing golf Q | [mage Search ‘A black cow Diskscs <no> .+ ]
<no>A bl...” y i v i Ablackcon
T e
P~ 2 :r - i E (
w% of‘};v) E Eﬁ‘] i ﬁ E : ® Rearrange
:ég i i E o | i E i © Feature Concatenation
g2 { Image } '--=> TQM ---+ [F5] F(R)} : i |
E‘;E \ E ri g‘ i i O @ g—@* = i ® Mask Average Pooling
— - AR Fi?'] @ » &) Cosine Similarity
3 mmaam { i i |

TQM Triphasic Query Module

REFE

il
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[ can’ t believe there’ s no images! Learning Visual Tasks Using Only Language

Supervision

O THXFRANDHDEHENEEH S Visual TasksIZ{FEZBEE - THFAMNMFHENDIREE,

O IREXEF L . CLIPOE{R - TXAMIHEZTARA—RLET S, BIRET TR R E D Semantic
EmbeddingZ) 7749 b= . FRHI T EANDAdaptationdT BETILZFRE, (TH])

QO EERFER 4 DVisual ARV TEWMEEZTER,

Evaluation: Image Input

Training: Text Input

Two woman washing
an elephant lying in
the water.

Image
Encoder

Frozen

Text
Encoder

Semantic Embeddings

Adapted Text
Embedding

> Embedding
Adaptation

Text Embedding Image Embedding

Cross-Modal Model

Visual
VQA Captioning Entailment
I5 s Describe this “The elephant
elephant ; : ”
image. is wet
calm?
\—J l—‘ B = 3£
l *E T4
Model
Two woman
Yes il a‘n Entailment
elephant lying
in the water.

il
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LLM-Planner: Few—Shot Grounded Planning for Embodied Agents with Large
Language Models

2 Embodied AgentD A X ZEITTLLMTITEIDPlanningZ {TOFENIRE,

O IBEFE - BEBEFEILLMZALVT, Embodied Agent®Dhigh—level planningZx115, B{ARIIZ. Agents
DITENT S #EBIBETELTIRTT 5, ﬁﬂ%l:!_ow—level planner®{, FLVS Z & T, high—level planning
*ET95H, Low—IeveIspIannerliLLMlZ{Z‘Zﬁﬂ"fl:EﬁEﬂﬁE&fiéo B [Z_ LLM-planner(dAgent® &R
B2 & YRe-planZi EMNEITRIEEE LGS,

0 ERER . VELEE T —ITSOTALKE R T ZEM,

t=0 -
__{ Cook apotato and put it into the recycle bin. | Embodied Agent & Goal: "Put a warm cup in the cabinet" Goal: "Carry a clock while turning on a lamp"

Environment 29 Jo5
}: FI* AL E
LLM Planner -

t=5 :
I cannot find a potato, but I saw a fridge. =

Navigation fridge, OpenObject fridge,
Pickup potato, CloseObject fridge, ....,
PutObject potato recyclebin

| |

A © LLM Planner ™ k.

Navigation potato, Pickup potato,
..., PutObject potato recyclebin

Visible objects: fridge, Visible objects: chair, b
cabinet, countertop safe, desklamp \

______ Neirnol fidliterycle B but Tadwls \f(navigation, cabinet)f (open, cabinet) { (navigation, desklamp) \
<_ D SN . . . . . . .
Object Localization Object Disambiguation
Navigation garbagecan, e
PutObject potato garbagecan ——

E 1741

il
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Encyclopedic VQA: Visual questions about detailed properties of fine—grained
categories

o IR, SpeciesD FFMIEER - WD FFMIG NN E LG LSFHLLWVAAT—2 vk
Encyclopedic VQADIRE,

Q Encyclopedic VQAT—ARt Yk : T—32YMERMNEIZBEIEAY . Google Landmark&Natural World
T3V SEBRZUNEL . Wikipediah b Mi#EE#HZ 155, WikipediaDTHF AMEHRMNHQAZ EHE)
H LT D, One-stepPE M D HEEstepNNDHELQARIBEEOT=,

a RUFI—IFEER : SOTALLLMsE &N Retrieval BT JL CEFEENS0% LI T ELES,

Templated Automatic Automatic - multi-answer 2-Hop

Landmarks

Q: Who founded this monastery? Q: When was the first permanent Q: What fish can be found in this lake? Q: What amusement park is located in
settlement made at this valley? the city where this square is located?

A: Prince Constantin Brancoveanu A: 1864 A: trout, lake char A: Tivoli Gardens

C: Horezu monastery C: Clover valley C: Ulfljétsvatn C: Radhuspladsen, Copenhagen

il

https://arxiv.org/abs/2306.09224 Encyclopedic VQAT—%3 1y M5l cvpaper.challenge s
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FreeCOS (Curvilinear Object Segmentation)

a I 3NIZEYBE I NDESZFRHELTE
Q 7593 EBEBRDERBEBRER (EX)
O FFT/InverseFFTIZ &AL H, 28 (AX)

— Fractal-FDA Synthesis(FFS)
iter =1 - g/ \
- lnwrse
y l‘l‘ T
( E i
P Fraclal Synthetic
- Synthetic Curvilinear
iter =2 Cur\llmear Object Object Image Xy
el f%
Target Image
X

Fractal-based curvilinear
structure generation

Basic Fractal
L-system

s Synthetic Flow s Target Flow

A Synthetic Curvilinear Embedding

¢ Synthetic Background Embedding

E{RDFE

Geometric Information Ahgnment((.lA)

Image-level Alignment(IA)

annel Synthetic X,
e e

&%) 2
4-channel Target X4

s Synthetic and Target Flow

Segmentation
Network

A Target Curvilinear Embedding

il

—>)—> /

ﬁps/u.

Discriminator

lvA0

_;,El ok:__'"."' Al
' \\ A’/ ~ A, \
i = - e
fheli==

— |

=g ‘LCMCL

4 H % ’
\ ;: Fle A A ¢ Al
]‘J : * T I
9 \ i 0’:?*// ¢ o) !
N ~So_- /.'
Feature Map ST
f Projector

st Compare intensity value of mj and its neighboring pixel nj;

& Target Background Embedding

cvpaper.challenge s
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MatrixCity: A Large—scale City Dataset for City—scale Neural Rendering and
Beyond

a EBIMERIBEDSceneMNeural renderingZ AT NDEE - TAMD =6 DO KBET—2tVE
MatrixCityD i =X,
a MatrixCity T —42t vk : B4 IR1E DNeural RenderingZ RIREIZ T B71=8. j(%ﬁ*ﬁd)é’ﬂ@ynthetlc
scene T —A 1wk (2 DM Scene., 283 F FAXONEH) ZIRZE , MatrixCity T —42 2w M EMultimodality T
HY . KRB AR EDE L ZFlexibled TX I AIREE R Do
O MatrixCity TDZEER : Aerial-view& Street-view T —2Z N —X &L T=Neural RenderingD N> FI—HFE
ERICKYIE %7_' gt‘Jl\h\ifﬂif’:iﬁL’L\&be:o

MatrixCity T —%42t vk

il

cvpaper.challenge s



ICCV 2023 M &A= (59/165)

Teaching CLIP to Count to Ten

a CLIP%:&E M Pre—trained Vision and Language®T JL @ CountingBE 1%z M LT HIRE,
0 REFE :CLIPOBASICHEDETILD L FH LU Countingl ZB§9 B Contrastive LossZiBi0L .
CountingBE Nz M LS 7=,
O N—XRZEER: F£9 Object countingBE JIZHRIET BT8O D FH L L \BenchmarkT—431t2vFCountBenchZ 17
=, A1) FILCLIPHBASICEE &£ &b R CountingBE 1% KigE(Z A L,
O Downstream® X TMEE& : CountingH’ A o7-Image Retrieval®®, text—to—image generationZi & DR X
JTIREFZODANMEZRET-,

(a) Obtaining Counting (b) Teaching CLIP to count
Training Set

v
Object
Detector

v
i --» / / \
o b E ‘ ! Y \ / i
Detections of ! TS ’

max detected
objects: 3

REFEEE

V Match ! & e i v
X Don’t match ! Caption... _CF caption
i @ e

il
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Oral¥ 3%: LORD: Leveraging Open—Set Recognition with Unknown Data
(1 Unknow classZRWL\AZ LT, BRED BB ERE D FEEE
d DEETIVIEEE, HOMLOHEEIN-T 2V TIlEIN, RMODEFHZERICOVWTIIEZEE SN TGO,
’\?‘E%ODT ADHEREFICEIRENELS.
- X TlE, LORDEWSTL—LT—VZEIRZEL, JIFPICKRADOZEMERRMICETIVITHILET, =T
“JF%%(OSR)G)EﬁE’EF]J:éﬁéﬁlféilfﬁaﬁ'é
d Ff- BRET 20K GEEERBITH-OOT—3ERBEMELTMiXupDIIRFIZEDE. mixuphHhEERT—2DORELL

THRTHAIENRERTRENDS .
® b { * " Pl " b
/'-. L ‘{, ‘ o7 Figure 1. Overview of data types in open-set recognition. The
® Koown 0" W ety training set in (a) includes known classes (KCs) and known un-
@ classes <KCS>\. ;" . ': known classes (KUCs) (@®). The trained classifiers in (b) model
/ ®oc fes decision boundaries for KCs as dashed ellipses. KUCs correlate
* L with the training set’s KUCs, exhibiting higher identifiability in
" ': / ey D comparison to the unknown unknown classes (UUCs) (), which
Koown unlaown o Ulnovinkaon o @ can exist anywhere in the feature space.

(a) Training data (opaque).  (b) Test data (opaque) with train-
ing data (shaded).

il
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ASIC: Aligning Sparse in—the—wild Image Collections

o EBEVMAEDT IL—TEHE I SH{K D Canonical Space AlignmentZF{TOFEDIRE,
O IBEFE . F9I ViTHEE DPretrained L a—4 —TClZiKeypoint AlignmentZ {72, £f=. J IL—T DE
{2 ZJointly CAlignmentZ 1T, XRIZ. Canonical GridZ UL\ T. B7ZFAlgimentZ#—9 5, Geometry
equivariantA X ZF{E AL 1=,
O BAFEFEELERBEBEDA) Yk :KeypointigED T /T—3%&AULVY [Tself-supervised TITA 5 ; KR
BEEET—A2ZHUVT [“Sparse’TFE T —ANHFE Al RE
O 3EER:CUB & SPair-71kT—%42t v TEEFEDself-supervised kU S B LHIERZET-,

Input
Images

Canonical
Space
Alignment

Dense
Warp

Source Firetruck

ASIC D #EEE 1B = cvpaper.challenge &>
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LOGICSEG: Parsing Visual Semantics with Neural Logic Learning and

Reasoning
2 Symbolic reasoningH Rl REZL#FT=7%Visual Semantic ParsingFiEDIEE,
3 BEfFMDSemantic Parsing T, WIAHTIDEEREABRDIEENHLIIZEETE=SHN., TORBEBEHERE
AN—ZX &L T=Symbolic reasoningDIEET N NETIZHFEY SN TIHEh of=,

O IEZEF % First-Order Logic FormulateZi & ZSemantic parsingET LD LIZERFL . B BI7S
Disentangled SemanticD R0, TN EN—X ELT=Symbolic ReasoningZRIBEIZL 7=,

O EER IRZEDLOGICSEGZEETFNDSOTAKLFIEIZIEMT A ET, 4D NDEE{FESemantic Segmentation
T3V TRV VVEEZTER., TD L. segmentation LAFH 2. Logicali@EREHAIEEIZLT=,

Dense Feature Fuzzy Logic First-Order Logic Formulae symbolic
Extraction based Relaxation T m— knowledge
score map I Corunl e
gAp=01Q = utevsil V furviture (— : —h |
L ~ |
. sigmoid @V @ =wmax(@, @) FArnTtare = —ukensil e oo /e es L p—— | data flow |
£ &|| segmentation C P=>0=1-p+$ ¢ : ple _6 : i |
B 2% s = ; AL parameter |
SE|| network - ’ . 4" "\ H=1¢ {,\~!' bed = Tehair A+« A Table | .
IxP(x) = [7/k2:_1¢(Xk}4}7/4 ~ E-rules A
5 —
¥ i pot = 'plate Aeee/ose ﬁ__
@) = 1-(1k 3 _ Plx) ) .

REFIX

il
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High—Quality Entity Segmentation

0 SfEREE -BEZXIEF>f-segmentationT —A2 12w EntitySegEFEDIRE,
O EntitySegT—42t v : 33kE IR E (avg. 2700.7) THIADMEMN NI YO OYKREDIEBEZSREDT
JT—a N FEINTILNVS,
O BEF X BEBEZTIFERALTOEENSCropaN=EEDES A2T— 30 R UBatchL AL
DWNIE (PR LI ZFHEEL. STE XN A G SR ERER,
0 ERER BIEOK L isegmentationT—2 Y b KYBHENDLENN, BRET—2 YT
segmentationMEH CHREFEDHMOD KBIET—2 v U L DOFEER LETET-,

w'

; . ,g. 1y Ejo
Resize Sh '!" Image Image-Level .
' — 0\ é Encoder Decoder
H' N
Full View b
w (H'=800, w' <1333)
. Fadls x u v
N o O aRal
\g W’EEV:%!'PE Association Batch-Level
\ |1 “\6 » | Qi Module : Decoder
H|oxni_ Soo | i
§ = 0.7 (default) -
{7 (ay &
LN y |
? n\ ' i Image-Level |_,
Crop + Resize W 6 2 | Encoder Decoder E
H ¢
B
Crop View

rRFiE = cvpaper.challenge
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Towards Open—Vocabulary Video Instance Segmentation

2 Open—Vocab Video Instance Segmentation D EEEH T —2 vk - FENDIRE,

QO T—3tYb:4,828E T4(6.8 hours), 1,196¥AATI) (LT7REATIVEED) oINS, TAK
TYMIIFEE T —2IZEENTUVELATIYBER,

d Fi%:Open-vocab VISAR VDO THOR—RSA U FEFIRE IREFENFEFTEHRODIL—LIC
STLTET AT—2320%F70 . Memory Induced Tracking TR IL—LRBIDBREE T ITET 5,

a %%}? : ?E%?ffOVZSegﬁ%_'Z MEFIZZero—shot TR ULDNVMEE THIRZF BN - T A T—2 30 TE54E
B%&RLT-,

\ \ (- “
Ferret
- Bowl
f e Flowerpot
Tracked Frames Current Frame
H . Tracklet
UQt M ¢ QM Category —— =
! Qf:;/ oM |-t “a person”
| ,/"‘]l- ,, = eCls | “a dog”I
ml > 7, | =
4 | Replace in Next Frame l “a ferret”]
_ Frame [, )| I J L S s
(a) Universal Object Proposal (b) Memory-Induced Tracking  (c) Open-Vocabulary Classification
: =
REFE = cvpaper.challenge
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Text2Room: Extracting Textured 3D Meshes from 2D Text—to—-Image Models
2 SceneZ iR T AT FAMMBLIRITAYV 2ZEMT HFENDIRE,

0 BEFH FERLARRTERMOERERETTRYY TR EEILNALERD, Tl £RTD
TREVIVFRATYTEGD, T THAMOERET TRZRI 2 THEL. T DEInpaintingZ FI
LEBDER T TRAZHE (AT ES . EHEER -7 T AERE ORI —HEEZEELTIVS) ;
BRIZ. 2T — DR REZREIET 5.

O BEFEEOLE - BFEFEIIV—2VILRNILDEREEILTESLDOMNIZFIFEMN 5T, Text2Room
TTHFRFDHINE, RIMBETIRTY—VEERTEDRFEELD, SEROKRFEIRTIAVTY
VERBICRWARMEERE -,

cker, Mosaic Tile, Blue and White

Iterative scene generation 5 2451 = cvpaper.challenge s
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DECO: Dense Estimation of 3D Human—Scene Contact In The Wild

a2 In—the—wild Thuman—object/scene D IR TTIEfLIEHREHTE T HF LT —2DIRE,

QA T—2EYMRE AMTCTFEITY /T—ar L= KAET—2 Y FDAMONZIRE, U 7 ILEIR EZ
D EMEHF DHuman SceneMIXTTIAVZIMERMELERIN TS, T—2 VM I(E5,522 BB & Z
NoDT7/T—avhbiEREIhb,

O BEFE RBEFEDbody partbd—2aAVTHFRAD ZDDEREFE LA D BAEE LE G T
DIEBRNSHETEFITI, IREDDAMONT—42t YR ERICH, BEHAVELE DEEFET—2 Y CTBIEF
EFYKIBICHEEZRLLT,

— DECO® H F151

il
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Locomotion—Action—Manipulation: Synthesizing Human—Scene Interactions in
Complex 3D Environments

2 BEE. xPIDAR—X, 3RIT—2 D blong—term{TEIDE— 32 BEIERT 5F

B RARDEIRE,

D REFEDOFH FE I HFRICMotion DatasetDHAEL . TANT DIRICHRRIIRTIRIE THE
I HE—avDEMMAIRE, BEWNVE—ar T3 lAahE THBEIET HAEELY.,
Long—term motionMDFEE T—3FNHELILY,

O BEFZELAMAOERR 1L T A3=OIFE—23 0Ty F oI BEL, £-. RIEFEE (&Y
BIETAOERADEEE1TD, £-. manifold learningd R— X ELT-E—LaViRETIL— LT —HHE
ALT=,

-~
” L
" .
. ‘ =
o
,\\‘

REFEATERLEZE—30 05

il
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Synthesizing Diverse Human Motions in 3D Indoor Scenes

Q 3{%77:%1%75\%\ = fa JE Dlong—form human motion (32 &, > —> ¥){K &interactionZd:
EVEERT HFEDREE,
O BEFX . EXRXR—UDLAMALERLT AESIZ. 7\ 1aAXFDlong—form motionDFEE T —2%iEH5T
[Z. MotionDAaArA—JLER—RELF-RIEFEB IL—LT—I12&KY SRTEMEDERETE
BL-EHHEOFEINNERTEETH D,

QO BB 3R —DER.. TEAMEREOUNA LT 3R —2TOHERENE A RIEEIZAR
UZ5,

OOOOO

L k245

il
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https://open

Exploring Model Transferability through the Lens of Potential Energy
= 1= TransferabiltysHB 7 70—

o ‘i

FDRTUOUVILIRILF—IZFEEEH

F T& HPED(Potential Energy Decline)Zx 2=
1 ZOVAN—LERYDT AL RN BHRE. MEFOTIAS—ZERANT

EHITD

0 PEDEAVWTHRONOFHELBRTFFACHASTHEDZLT,

ZLDA YA )—LARTRUVDFAIEREE %18

el
=1

Class 1
Feature Q
Clusters < peak point

Class 1

Learning Dynamics

— 4
Potential Energy Decline

Dynamic Representation Modeling

/fc?rce

«
force )fOI’CG

s.thecvf.com/content/ICCV2023/html/Li_Explor

ing_Model_Transferability_through_the_Len

_of _Potential_Energy_ICCV_2023_paper.html

\[orce _— \ force
Y i servation Potential Energy Decline J
' Feat i o
— NN eature -
equilibrium point W Clifstars Rank Pre-trained Models .
.................. - Transferability Metric )....
Class 2 Potential Energy Curve Class 2 Better Rank Performance  °  comgmun.
——
=
= cvpaper.challenge
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Scene Graph Contrastive Learning for Embodied Navigation

O $RR7ZEmbodied AIZ R T (ZAR Z | Z# it T=5HScene Graph Contrastive LossDIEZE,

QO IBEF L IBEFEL. FEEFDHAScene Graph® Contrastive Loss TFEE a5, Embodied
Navigation X R V7L EZFRITLIEMN S, AgenthNMIRIZIZxI L TOFHMIERE (B E. WK, SEEYARER.
IR IRRE (%R . Agent&E IR/ BRE D RBER (T TIZR=NEDH))ZSGC LossTEESHEH D, TARE
[Z. Scene GraphDHEZHE T ITFRIFETT 5,

O ZER : Object Navigation, Multi—-Object Navigation, & Arm Point Navigation@) 32 ®)Embodied
NavigationZ RV CIRENSGCAREZE AT HZETSOTATERK,

Embodied Al Model

Iterative Graph Building REFE

il
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LERF: Language Embedded Radiance Fields

2 3D(NeRF) X CLIP
NeRFIZCLIPOD EEZEHFHEZXEDHIAD
1 Radiance Field EDBATEICL DI FS5U a0 h Al
1 CLIPZERATAHET RGNV ITYICHIC A REGHR VT AEMIT) I LIVEEE

* Multi-Scale Semantics L[] %
NeRF ey cLP

g& Long-Tail Objects

ah 4 4B
\ 6 Y

Language Embedded Radiance Field 0 —»rGB
Network, =3 Depsity
‘o )\ 7‘ . = DINO Features

\» == CLIP Features
|

"Wooden spoon” Volume Render

rﬂ Abstract Queries
! i Language
Loss

"E:Iectﬁcity"

——
——
1]
—

cvpaper.challenge
LERF: Language Embedded Radiance Fields, Justin Kerr et al.,arXiv:2303.09553, 2023
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Learning to Learn: How to Continuously Teach Humans and Machines

a2 Curricula(ZRIZFE I SHIEZ) DA AR EAID Online Class Incremental LearninglZ&H [+
SZEBDD TRV BEIZ&BECurriculaE LD EIRIZM(THFEDIRE,

O EER49HT: AEIEAIM A IZEHL TOnline Class Incremental Learning(BE—DNDHNDARIZEFEE)I(Z
BWT,. BIVTRARRAINEBRNE (RBELRIHIDREE) ICKRELELEAE5ZHLEERTRL,

O FE:VABDELUEICKYISRADFZEEFEZ RO HCurriculum DesignerzigZELT-,

Human teacher teaches human students

Full knowledge

about math > Add >> Multiply >> Algebra > [nstance1 | [ Instance? | Choose a family
Training round 200ms Davis

= - - 3 E

Student 1 Student 2 EYans
(a) Example objects (b) Class incremental learning setting (c) Test trial schematics

Testing round

teacher (all learnt fam111es)

___________________________

AI teacher teaches Al students :
Family
Full knowledge Curriculum: which Davis
about quec E . class should I teach
recognition students first?

Student 1 % @ ! Student 2

teacher

HumanZEERZE ZH [+ 5Class incremental Learnings% &
curricula

il
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Equivariant Similarity for Vision—Language Foundation Models

2 Vision—language models@equivarianceZ R 519 DI X, £1-. BEF D VLMs(L
equivariance NN XL AYFFL V. equivariance 2 LRI BEZGFT-7EO X BIRE,

3 RegularizationOX : BER T RIDFHEANDFELERAT7 (THE1) EZDRTDTFHRXE
DHEE~NDFELUERT7 (TR2) ARI—IZHE5EIIZFEE T 5,

T. T
11 — 812 = T2 uw(T), s22—s21 = ZTl uw(T), (D)
1 2

N -y N >y
W Vo

Semantic Change Measured by Text Change

Io 1y

S11— 821 = ) p(l), S22 — 812 = ; p(l), ()
1

S — hz,_/
Semantic Change Measured by Image Change

il
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OmniLabel: A Challenging Benchmark for Language—Based Object Detection
EEAR—RADetectionFRX V%
212y ~OmniLabel F I =,

ERESh,. FDEUTURE
T—3tyrIABEYT /T—

2 Referring Expression, Open—vocabulary detectionZi& D
BREAVFI—IT
2 OmniLabelMA ARV XS, —Od)t/f/X&E@'ﬁ?ﬁ\B’

BE&RFPDO., 1. 1LLEDEHDMABREXT LT S,
&5128KMD B S 25KEE H
ZBEWTEFROT—2tyh kUL S MEEEEEY . OmniLabel NS
BEEBOARVFI—VELELTERTES,

The HSBC sign

HFELTI=FTLLVARD

3l

a BE7EFEH OmniLabel
&ObJect detection® E

‘g:
83

Omnilabel

hite sedan
Omnilabel U
. £ Refcoco/g/+ O
(%] =
o = O
c .2
/ : i PhraseCut
| corecion: JNEEE 25
N aorec B
| vocabulary B5 5 LVIS, ODiInW ()
\ detection g R
\ L COCO, Obj-365 ()
\ Standard .
erson car

Single-instance

\Qio;

OmniLabe D EX], BEFET—2 v EDHE., T

Dataset completeness
Diversity in the number of
instances per description

Multi-instance

BERLSND,

Sandwich with cucumber on it

€ Bread with PB&J on it

—ARty MEIJ

il
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IntentQA: Context—aware Video Intent Reasoning

1 ETADNG, IntentZ TR T DRARIVERNVFI—IT =2V EIRE,
o T—3tykZlZ4 DN AR AT (Causal Why. Causal How., Temporal Next, Temporal
Previous) DB BN ABDT /T—3—I"KYUSRYVFGEn s,
a Ff-.3DMNDFET 21—/l (Situational Reasoning. Contrastive Reasoning, Commonsense
geas%mg) MO T AN FI—VFEZFIREL. BEFELYIntentQATE LV E
=17,

Spm— f ‘ (W) (CH)
w Bt Commonsense 88 .T \ .T ‘ 1 f
' Context . A :
a dinner table with a o8 HEWaler ‘ _'
cup of water o:i { ' 3
7 AV ? 9 '
e — 3 i
&) : |Q&A Why did the man point to the

S ean the cuy,

|screen when talking to the ch11d‘7 . | : jacket show that he wanted a drink?

I IQ&A How did the man in llght blue

|
|
|
PointtoaCup \ o . i e ooy
Same Action :\9_ looking at thepath 110. point his fingerje--- :
1. draw child s attention; 1. puts down his phone |
roT— D = |2. check the hair cut 2. bend down |
 peatif cups Look at the cup :3 asking something :I3 rest on leg :
oo oo |
Contrastive Different Intents [f _talkﬂlg_ _______________ | 4 _\Vlth_hls llalld_s ____________ |

Situational Context

IntentQAT—2 VDT H A T—2 1y
= cvpaper.challenge s
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PointCLIP V2: Prompting CLIP and GPT for Powerful 3D Open—world Learning

a 3D(FE¥) X CLIP

BRENSKYYTILIE"2D Depth Map” 4Rk, CLIPZZERAT A5Z¢ET.3IDREER

TREETTO

0 BEE—ERIEILICLTHSDepth MapZER T B2 ET, &Y T ILEEDepth MapZERK

o DFEDOECLIPOTFXFAMI OA—FICANTSTHFANEGPTCIERYT A EIZE->T, EMNA3D

I TADREHFE DT ANEER

Prompting CLIP with Realistic Projection

Input Point Cloud

—> ’\-v\? \@\/ ,f}j — ’ | "

<~
YA = D s

R <}/

3D Gird, G Multi-view Depth Maps, {V;},

Prompting GPT with 3D Command

Describe a depth
Gene

3D Language Command

Wha [([\\1
|] |l}\1

I
I
:
I
I
— @ map shows :
I
I
I
I
I
I

A height 1 Illll

il

\ ide de [ll nap
ll\ amid

3D-specific Text

________________________________________

— Visual
Encoder
4

S
( cLIP )
N

-
v
Textual
— B
Encoder

Dense

|| Features

{F31,

r
& Global

% Features
i,

|
®

Zero-shot 3D Segmentation

Back M" i
—> S —> e
Projection %

Zero-shot/Few-shot 3D Classification

>

T

Textual Features

Il

W

airplane guitar --- table

Zero-shot 3D Detection

Extract 11 P s
i
> Points 1 AR’

Class-agnostic 3D Boxes

PointCLIP: Sparse Projection

PointCLIP V2: Realistic Projection for CLIP

il

PointCLIP V2: Prompting CLIP and GPT for Powerful 3D Open-world Learning, Xiangyang Zhu et al.,arXiv:2211.11682,2023
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Scaling Data Generation in Vision—and—Language Navigation

2 Embodied VINDZEE FHED 1= DF =TGR FI—I T —2 1t YhScaleVLNZFIZ
Z=, ScaleVLNIZEEEFEDT— ’)"‘E‘JI*J:U'—#(\T Rty RDIREHRKEZLN(1200+ D
—2E49MDInstructions) .

3 ScaleVLNIZEEFED T —3vbaR—XIZBEIE SN . BALE$EATEIZT—2 1Y
FDRIEER LT HZEAAEE,

3 ScaleVLINT—2t YD EE LMD VLNR L FI—I T K11 % Success RateZ [0
EFLf-, - EEE T —2 tdnstruction DM ADEEEZFNFNRLI-,

I Downstream Navigation Tasks |
=
VLN with Low-Level Instructions

Go out of the room and take a

R2R left. Go into the first room on
your left.

Co-Mod GAN

VLN with High-level Instructions

Push in the bar chair, in
REVERIE the kitchen, by the oven.

ScaleVLN®D 7 BA X

(" VLN with Dialog History

Into the hall of thi
CVDN Left the Hall. Follow it to the

chairs, stop at
the door.

il
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Open—domain Visual Entity Recognition: Towards Recognizing Millions of

Wikipedia Entities

1 [E{REWikipedia EntityZBHEL . Wikipedia TE TULNDEEMIBIZEntity (B rZERN—R &
L-EBEBREHEZTITOFAIOVENZIRE,

0 14RO -—A 1ty kEWikipedia EntityZ Bl iE S 1= T —4 1Y FOVEN-Wikid 1z
Z= . OVEN-WikiCIL6MMDWikipedia EntityERSEL . R ETILNENLZXFITES &L
S7%Fine—grained entltyﬂ]nﬁk’EwnﬁkTéZ\gﬁ\ﬁé

WiKiPEDIA —& Context Image

ok Y.
e P h Sy

5
- E
Knowledge Base -

(Wikipedia) e

—& Text Query
v i i i
Who manufactured the plane? th‘r: piece °|f .eqt;“'p(“e”‘ 8 placed What is the model of this vehicle? What is this building called?

\ OVEN Models / on the animal In the image 1
T
% v i Bugatti Veyron Skanderbeg Museum 9
Output Entity — A The Bugatti Veyron EB 16.4 is a History ,a
(Wikipedia Entity) Ordord Engian Dictionary he “brice” oyl ol s rik Komb g
inclt tall that. the Volkswagen Group and ... _]_

OVENZR I MEREAK = cvpaper.challenge
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CLIP2Point: Transfer CLIP to Point Cloud Classification with Image—Depth Pre—Training
2 3D(mEF) X CLIP

BEE%E"2D Depth Map” 121 8L . CLIPEEHT AL T IDEHNEEEITS

a sﬁﬁﬁﬁj;(i&?/éhtDepth Map| ZEIECLIPE{E T O— 4 —%4 AT AHAER AU F v TIHE
LTULV=

2 Depth Map LB HlI7Z2DE{EED KA Xy TH# 1B ST-8contrastive learning
o TAYavhrR B RN EORENR L

E ) 4
5’_.:

Depth O o
Encoder 4

!
I
‘

10p00UD TensiA JITD Aq pazifenur

-, l
I
share weights Zintra —»
o I
| Depth O I e
»>F,

Encoder

il
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CLIP2Point: Transfer CLIP to Point Cloud Classification with Image-Depth Pre-Training, Tianyu Huang et al.,arXiv:2210.01055,2023
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What does CLIP know about a red circle? Visual pr mpt engineering for VLMs

O CLIPDMEEZ M LS5 (FFIZAttentionDEE) DFHLULI\PromptFEDIRE,

0 REFENBEBRIPOFRUVATIEE SN TS FEE EEE DTF X (Referring
Expressmn‘b%ﬁk@ﬂ-‘/ﬁ&)&Fﬂﬁéﬂ'éck’)( PromptingZ 172, Ie EDPromptZ
FHALT. BEOCLIPOMEEEZR ESET-,

a T, T3 YDA L. FROEMFRIICHERTHAZEDRERFRASHIIZLT-,
(YEFCC15MAE DT — Aty TlE— 8 R A TS TSN TN S)

il
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March in Chat: Interactive Prompting for Remote Embodied Referring

Expression

2 Object oriented NavigationF XD 1= DLLM PlannerE®T JLZIZZE, LLM PlannerH®
AgentDIKR M5 A—4 wEANELSub goalz £ /T 5 (il : BPEZH S) .

2 IBREDLLM Planner AN 2RI DEZ—Ty(BZEDERZHT-LV) EAgent DK
(AgentIRTED M E . BYDWYIKRGE) o, sFMNG E BB RTIRT

REVERIE instruction: Empty the washing machine on level one. a, S ar

_______________________________________________

AG!J'-' -y‘;" .o
g i ™
Goal-Oriented oom-and-Obiec cene-Oriente
Static Planning Aware Scene Perceiver ~ Dynamic Planning
Y l
---------------------------------------------
. [N § in

| | i seebed,lamp,. [,
1 n Where can I find it? 1 :u laundry room : ! Wh h uld I d i maci h ____________________
1 1y ! ! : at shou o? :

REFZDBE

il
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CHAMPAGNE: Learning Real-world Conversation from Large—Scale Web

Videos

o KIREE TAXEET—2 2y Champagne D IZZE , ChampagnelXYouTube® A &l xtEE
BE., ZL TCREDEET T AN GERT D (FEHSME T4 X EE) .

2 Champagne CTFE I S LT, MENLRDEEZEDHNBED FHIKS. Social Intelligence
M X . Visual Commonsense ReasoningZB 47k & TSOTAZZFEE X 1ZE A,

1 TP = R g 1

[Autc y Ger d Transcript] it's only a ma tt ftme befor meone else sees this investment
:w have that how do you kowth bonds are worthless aren't the yfIIdwthth sands | read them you .. I[ M Seatan fﬂ?sp “Btp Ctt ]l
2. Converter turns noisy transcript to dlalog format %

[C rthdo-b dD|g18MdIg] ®
er of time @

[Visually-grounded Dialog]

is i vestment we have.
How do you know the bonds are worthless? '’ [ What would Person B say next? l
't they filled with thousands? Learns about real-world
“No one reads them, only the lawyers

who put them together read them.”

T conversations from
°™"" [18M video-based dialogs

Champagne® zii BAX]

il
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Toward Unsupervised Realistic Visual Question Answering

geL[D T_IO)QAﬁ\Ei*L%VQAT—Q‘IZ‘JF ReallstlcVQA’E?mzeo

0 Questlon&ﬂmﬁ_éﬁ{%&ﬂmLf&L\Ef?ﬁ“?@’%ﬁ BHIGER/ N FEEET
BLIEXRD_ZDDHZETEF>=Self-supervisedFEZZFIRE,

a ?IEE%QReallstlcVQAT—Qt‘Jijﬂiﬁiszhx /ii’EE:F{ﬂﬁLT:%E%s BETFDVQA
FEMNBEARRQAD EREINMELMER ELGY  IREFENKREBIZCEREFEFELIVRE

Ll

ETlEEIZE A

AN YAy
& (@) What food on the & (b) Which side of the

- table should we cut? - food should we cut? Image vy q1 : What color is q, :Is the Image v,

L é Cake the sweater the door of the car [ ~~ ’ B
' Regular Bot ¥
I ‘ é Cake
... Realistic Bot

Input Class
[Open, Man, Car, Red]

i gi woman to the to the right of
left of the man the bag open

Reguame (01,91) [0,0,0,1]

% é uQ - " ' wearing ? or close? (02,92) [1,0,0,0]
. %1 Realistic Bot ‘
Ou Al'S 37 = e SR = (01,Q2) [ 0,0,0, 0 ]
MDETR RN AN S FE1ER U 2 T (02.91) | [0,0,0,0]
VinVis 2 v s - = ~ t ',5, o - = R - ~
. (c) RGQA R Y @ 2=0.25 04 1-1=0.75 EEC dal J 01,94) | [0,0,0,025]
" sfryert Result : . / . \.021 e Ground Truth y of random
e 0'1 - o SOl mXUBLsing 0; and oy 0, paring and ROI mixup

a5
AUAF

RealisticQAR RV LIREFi&

il
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ViperGPT: Visual Inference via Python Execution for Reasoning

o EEEEMZIZETAERIMNSBEMIZEIENDI—FZEE L. Python API+Function
APITE 1% & [t % Step—by- stepfﬁ#(%ﬁtﬁsymbohc$,ﬁ@?mxo

g O—FEBOEAETAT S22 LLMsZFI AL . Prompt T ERTBEL 155, FE A
BLLALY, £-. EARLE{EEIE (Find, Attention, CountingZi &) ZPython APIIZ &

LEEST HAPIHIZEELT=,

Al ZENT7OAM &Y TransparentDith, WSO MEBEFEDVQAR FI—HOT—43t vk

TSOTAZFHFEZEIRLT-,

Query: Drink with zero alcohol » drink_patches=

H

3y »drink_name = ‘tullamore dew’
< »alcoholic = ‘yes’
def execute_command(image):

image_patch = ImagePatch(image)

drink_patches = image_patch.find("drink")

for drink_patch in drink_patches:
drink_name = drink_patch.simple_query("What is this?")
alcoholic = Llm_query(f"Does the {drink_name} have alcohol?")
if alcoholic == "no":

‘ » drink_name = ‘bacardi’
»alcoholic = ‘yes’

(] )
u »drink_name = ‘gin’
»alcoholic = ‘yes’

return drink_patch

return None
»drink_name = ‘dr pepper’
»alcoholic = ‘no’

4\

ViperGPT D 5 £ 51

il
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Pretrained Language Models as Visual Planners for Human Assistance

0 Episodic video (3R TIRIETITEID
ZHHAILTH) Mo, FRIEEITT 5= D Step-by-stepF

IR

W‘E@Egocentrlc@]ﬁ?) &
SigTE N HETET DFRY

EEBI—TybMHl 2R

0 BREFZENIMsZHALTITHDIRTZERT 5, F-. ERNIIREFENET

Tn.un‘é‘k’&Segmentatlon&Forcastmgd) DDATYIT B

BRI D, Segmentation'@(i

ETHADGEIDANEITEIZ A ET AT S, Forcast TIXITEID SequenceZxET

VLaMP

T %,

e Human

shelf.

do next?”
\_

I want to bwld !

“"What should |

= visual history

SR untrimmed %,

,,,,,

-

1. cut shelf
2. sand shelf

Your next steps:

~

3. paint shelf
1\ PRI J | Goal Prompt: “Build a Shelf” +
IREARVEFE

............ PR P Forecasting e )
Observations Obs

Segmentation -

C

L = o

1 1
u. 4_83_8 / )
C n 2
im T

1

.....

O¢

SR
[01,. .., 04 Encoder Pretrained
Language
\[ Actions ] Action Model
! at Encoder
—
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Kick Back &
a FTLULVKER

Relax: Learning to Reconstruct the World by Watching S

S ENE (R T —42tYESlowTVHFIZZE, SlowTVIZYouTubeENE HVD)

ow IV
ELANOD)

=2 (INAXT FSAEVT BAEVTRE)EEYIT YT L, BEHL.IMDEE M

FEND,

a SlowTVT—4+t vk Tself-supervised monocular depth estimation (SS-MDE)ET /L%
=2 L. SS-MDEH¥E 20 @) Outdoor&IndoorT—4A 1w CZero—shot CEEF DB F &

)

FERERLAIL/B2EBNVREZER,

AT

SlowTVT—4+ty M5l

il
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Improving Unsupervised Visual Program Inference with Code Rewriting
Families

3 Visual Program Inference (SR ITTYMADIEEHTTE) D= DHLWFEZFIRE,

o IEEFiEH Bootstrapped LearningERewriting{T# A2 S L(TH)  &E80)2D/3D
RUFI—)TSOTALFREEZXER,

O SRAX TIEEHD Code rewriter{t#l A Z 12 ZE (Parameter Optimization. Code Pruning.
Code GraftingZi &) L. D VPIFEALBEEL AT LY,

[ff v \ !

unon( Pa.rarpete.r Code Pruning Code Grafting
rect(0.5, 0.7) Optimization

X union( union(
dlff( union( IL rect(0.5, 0.7) rect(0.5, 0.7)
circle( rect(0.5, 0.7) diff( union(
rect(0 | diff( circle(0.4, 0.3) rect(0.4, 0.3)
) circle(0.4, 0.3) -~ rect(8.8, 0.3) ' circle(0.8, 0.3)
) rect(0.1, 0.2) ) : )
) ) )

: Target Shape

cvpaper.challenge

Input Program

IR ZE D RewritingD 4T Az BA
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CHORUS: Learning Canonicalized 3D Human—Object Spatial Relations from
Unbounded Synthesized Images

o YWAEHDTIY)/ (HT3Y) +HE{E) hASHuman—-Object D3R TTERIEEEZHTE T HFRY
- Self-supervised’E FENDIRE,
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Document Understanding Dataset and Evaluation
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EgoHumans: An Egocentric 3D Multi-Human Benchmark

2 Multi-view multi-humant 7‘\1' T—431tyFEgoHumans MR =E , EgoHumans|d 8D
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InfiniCity: Infinite—Scale City Synthesis
1 EERBEDEMIRITT —FZ2E T HFEDIRE

a REFEMN3step TERZEITOTLND,
Q Stepl: YILFE—HIL(TTR ER. HTI)) D LZEEBZEZE K,
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3 Step3:Voxel neural rendering CTIAF YL/, (BEFFDFEZER)

___________________________________________________________________________________________________________
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Ours World 1

ll HoliCity Dataset
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WaveNeRF: Wavelet—based Generalizable Neural Radiance Fields

@ Muyu Xu, Fangneng Zhan, Jiahui Zhang, Yingchen Yu, Xiaoqin Zhang, Christian
Theobalt, Ling Shao, Shijian Lu
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A R)a—LLUFI TG T DT ETHRARBMEERER OB AN LR

Low Freq CNN

ALARAN
e s VAP i 0) i
— ! DWT fs B |
¥ 1A R _i/'
_______________ !
| Spatial : e iy |
! Features i
! : D A L TP 0 p i ] FSS
i Frequency 1 L 2 S &
1 Features : s (A S & B
] [3)
: r____ri Spa[ia] : 1.:::::::::_'—/_‘: -%
[N i1 Feature Volume ! i P =7
----- + (2) warp | 2) il n
:,:‘_:::’A : fs " PS( : i 2 ——ie
i i Frequency 1 i ' HNR —— g
1| ) FeawreVolume || [memcg® @ Uduy oW L 3 =
IV‘"""— ~
] Discrete Wavelet ! CNN & —_—
: Transform : S f
] ! k7!
1 Inverse Wavelet 1 e Y S, 9
: Block ! ll| warp {77 H F S
L Hybrid Neural : w | ho | N | r;quncy
= | H okens
| Renderer : : i
" !
I —— Frequency-guided - Compounded CNN
: Sampling Strategy : High Freq WMVS

il

cvpaper.challenge s



ICCV 2023 M EjA] - T {-F=(93/165)

Rethinking the Role of Pre—Trained Networks in Source—Free Domain
Adaptation

O target adaptation® 7O+t X [ZPre-trained networkZ=#i &
O FERAETIVEALICEE TS HEEERED
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Vision Transformer Adapters for Generalizable Multitask Learning
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Fast and Accurate Transferability Measurement by Evaluating Intra—class

Feature Variance
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Building a Winning Team: Selecting Source Model Ensembles using a
Submodular Transferability Estimation Approach

2 Optimal Transport-based Submodular Transferability metric (OSBORN)Z{&E

a ?’;/;éjs)big?ﬂfinﬁiﬁiﬁw'ri RAOFELE, T ILESEEEZT A IA A T=Transferability # i€
EIZZE A

https://arxiv.org/abs/2309.02429
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ETran: Energy—Based Transferability Estimation

g IRILF—RO7, #FERA7, BIRRAAT7HNLHTET AETranxieE
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Urban Radiance
Primitives

Field Representation with Deformable Neural Mesh

3@ Fan Lu, Yan Xu, Guang Chen, Hongsheng Li, Kwan—Yee Lin, Changjun Jiang
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Tri-MipRF: Tri—-Mip Representation for Efficient Anti—Aliasing Neural

Radiance Fields
a Wenbo Hu, Yuling Wang, Lin Ma, Bangbang Yang, Lin Gao, Xiao Liu, Yuewen Ma

O Mip—NeRF&Tri-planelZ KA ERITZHAEHLE-FE
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TransHuman: A Transformer—based Human Representation for
Generalizable Neural Human Rendering

a Xiao Pan, Zongxin Yang, Jianxin Ma, Chang Zhou, Yi Yang
O NeRF&Transformerz LN = ARETIL
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Seal-3D: Interactive Pixel-Level Editing for Neural Radiance Fields
a Xiangyu Wang, Jingsen Zhu, Qi Ye, Yuchi Huo, Yunlong Ran, Zhihua Zhong, Jiming

Chen
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Lighting up NeRF via Unsupervised Decomposition and Enhancement
@ Haoyuan Wang, Xiaogang Xu, Ke Xu, Rynson WH. Lau

0 KRR ERE CNeRFIZH AT AEERAEBREEE

QA A5—IZD2WT, AUIHIEDRMERFICHTET S

MLPZE A 26—
O HRIEEERFELRDICDOVNVTOHR; T IFHIE =+
O AEBERTHUIHEED RN BN LD LI o b &) @)~ @)
IEREZE A . B - @ —
Y(r(t) —> gg | - T IR (%)— . .
(xi28) [ > T T |
Eo 1 . ’
L U Ay e = cvpaper.challenge o



ICCV 2023 M EFE] - K[AT=(103/165)

Learning Unified Decompositional and Compositional NeRF for Editable
Novel View Synthesis

a3 Yuxin Wang, Wayne Wu, Dan Xu
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FlipNeRF: Flipped Reflection Rays for Few—shot Novel View Synthesis

a Seunghyeon Seo, Yeonjin Chang, Nojun Kwak
O DERERDEEMNONeRFEERIEILT HT-HDIERMEFiE
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FaceCLIPNeRF: Text—driven 3D Face Manipulation using Deformable Neural
Radiance Fields

a Sungwon Hwang, Junha Hyung, Daejin Kim, Min—Jung Kim, Jaegul Choo
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Efficient Region—Aware Neural Radiance Fields for High—Fidelity Talking
Portrait Synthesis

a Jiahe Li, Jiawei Zhang, Xiao Bai, Jun Zhou, Lin Gu
O NeRFZFIALI=EFFEIZIHCT=Talking portrait& fFi%
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Cross—Ray Neural Radiance Fields for Novel-view Synthesis from
Unconstrained Image Collections

a Yifan Yang, Shuhai Zhang, Zixiong Huang, Yubing Zhang, Mingkui Tan
A NeRFOLUE) T IZEWTHEBDILIRIT OV TREFICETE
O YRR EAttentionZE ALONAFCTRIBGHHR R BEREMZFEIR

Reference Image I, Visibility Map M

.............................

e O c.f. Sec 4.1 N
\» m 4
Ray Sampling {{xij: dij}?=1 } g H Q
m Rays
Volume  Cross-Rays Transformed Reconstructed
Rendering Feature F¢* Feature T (F) Image I,
@ Transient Handler % Appearance Encoder u MLP “ Transformation Net ‘ Decoder

il

cvpaper.challenge

108



ICCV 2023 M EFA] - [ AT=(108/165)

CopyRNeRF: Protecting the CopyRight of Neural Radiance Fields

a Ziyuan Luo, Qing Guo, Ka Chun Cheung, Simon See, Renjie Wan
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DFA3D: 3D Deformable Attention For 2D—to—3D Feature Lifting

a3 Hongyang Li, Hao Zhang, Zhaoyang Zeng, Shilong Liu, Feng Li, Tianhe Ren, Lei Zhang
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3D Implicit Transporter for Temporally Consistent Keypoint Discovery
a Chengliang Zhong, Yuhang Zheng, Yupeng Zheng, Hao Zhao, Li Yi, Xiaodong Mu, Ling
Wang, Pengfei Li, Guyue Zhou, Chao Yang, Xinliang Zhang, Jian Zhao
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Rethinking Range View Representation for LIDAR Segmentation

a Lingdong Kong, Youquan Liu, Runnan Chen, Yuexin Ma, Xinge Zhu, Yikang Li, Yuenan
Hou, Yu Qiao, Ziwei Liu
D LIDAR,ﬁEiO)tﬁ‘}y%_:/HQ Cylindrical Coordinate
D=HD2DR—ADF & :
RangeFormerMig=E ¢F\«
Q JB—/N\)LEaAVTX RN
*IJ Hq -Ggé J:a ': y Many-to-Or\e
fully—convolutional NN Tl %< o s 0
Self-Attention% F| FA the samegrid | "]
Q 2D(:7‘3527‘T%>§&(:J:L)
K LAF—/\—Zv T3t 75 T T
d §‘)J$J:($E E‘T? 7f)§ FEL \LIDA RE{%% ........ DSe;:;r:Sa;iroen
Wz 5 A STRZEFFIZIRE - gl
1 LiDAREH& THAHZELEFALT: f<:" Empty Grid R
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Augmentationt iz E

range image due
to 3D sparsity
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IntrinsicNeRF: Learning Intrinsic Neural Radiance Fields for Editable Novel
View Synthesis

a Weicai Ye, Shuo Chen, Chong Bao, Hujun Bao, Marc Pollefeys, Zhaopeng Cui,
Guofeng Zhang
O Z2REGEZEREINSIS X2/ TReflectance, Shading, Residual|ZE B E{& % 2L Segment|E %R
AORelighting| Zf FH7iNeuralFieldZ I =
O REBEHDHSHB DL EPRelightingHN A BE

> g A -
- ] — . N
- - » -
" ¥ v MR o
! : ..
# - - | ) 5
. B - S e 14
» — ». . B e
! 5 P
i R - . —r o
”

Hlumination Varfation  Nevel View Synthesis

Poned Multi-View Images Reflectance Shading Revidual
IntrinsicNeRF Applications
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Neural Microfacet Fields for Inverse Rendering

O Alexander Mai, Dor Verbin, Falko Kuester, Sara Fridovich—Keil
Q R a—ANIYIEREARATIA 077y RGFFETIVEFERAL. SRFGRBADETTEER
O EVTAHLOBERICKYIEMA T OV ED) 7 IVEHEE R ETETET IILIE AT EE
Q SAT4V T IZEREBHZRELTLS=OFIEHY

Ground Truth

Novel View Surface Normals Environment Map
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Ref-NeuS: Ambiguity—Reduced Neural Implicit Surface Learning for

Multi-View Reconstruction with Reflection
@ Wenhang Ge, Tao Hu, Haoyu Zhao, Shu Liu, Ying—Cong Chen

O REEZEELAINEREFRETL. LA VT SN=-BEADRASTELTET IV

A BARMGERFRIATZHEIT DEERLHRZF AL, REEOBERSZER

Q k. REEOERGZEBRICE T OERSNERE TH o5 . Warping B EDAINELZEHH

B BT A EICKYBBRIFEBLI-AIES

Surface point projection Bq (5) Visibility identification Eq. (14)

Source mages -
fix)m® Lo, Reflection Score
—— o b SN = rd (B . Estimation
@ * 2 T 9 o Ea (15)
» ) — é \
L - s Pl "
oYV . ]
t e B Incrsection point
\ B Invisible camera view B Prodicsid
3 -t ’ "
' Caoma | f(x) ¥ Reference camera view RGN st po
b Xy iy —» signed distance
Network &
; ¥
4 Vf(x) Visualized fraction of ’
[ DO e
v Hef )l reflection score
Radiance -_ Reflection. umphoounm c loss N
d _: Network * radiance - £q. (%)
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StegaNeRF: Embedding Invisible

Information within Neural Radiance Fields

@ Chenxin Li, Brandon Y. Feng, Zhiwen Fan, Panwang Pan, Zhangyang Wang
O NeuralFieldlZXfL T, MEZRECTITFH LML, BRATEE Dsteganographicx T 59 5FE% 1R

ES

2 NeRFLUZ YL T EHRIC, DRAZIAXAEET, MBEFRARET, BT ARELFIFHREMT ST HEND
FTLOEREAN IO THRE L I R AN ET AR

A LAV ERGEEFEFEROETEZTE, FEAEMBEERLEST TS FEHRZIMLE

DENETER
Standard NeRF StegaNeRF

(x.y,2,6.9) Embed (x.7.2.6,¢) Recover

QIR L ¥ 7—9 Q20 0= X
[ 9

o] o Do ' 8B

R ke 58

(r.g.b,0) llIlll (r.9.b,0) .|||||-|.

Hidden Information Hidden Information
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HyperDiffusion: Generating Implicit Neural Fields with Weight—Space
Diffusion

a Ziya Erkog, Fangchang Ma, Qi Shan, Matthias NielBner, Angela Dai
A Za—JI)LIEOMLPO EAZEEMRICLI-ILBMTOERZIRE

0 glﬁl_ g D= DNWTHwEIELI==Za—3IILiEEET IIFEL. TOEAFZER T T OERXZEIIf#

O IDIRELVADAY L AT A= a0 DEMLTBHREZE—DIL—LT—ITKRIZA[RE

6 Overfitting Y.l 30D Synthesis, \{ 4D Synthesis i

| .
B N S Gy Y I 2
J 2

N > A
will by ] wi Ilm Diffusion } 4 bn | Unflatten X
J

. Synthesis P
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3D Segmentation of Humans in Point Clouds with Synthetic Data

a Ayca Takmaz, Jonas Schult, Irem Kaftan, Mertcan Akcay, Bastian Leibe, Robert
Sumner, Francis Engelmann, Siyu Tang
O BEFEDIDT—2YMIIFZABDIDET A T—a0 T —2NFEELEL
O ScanNetlZ ABBIDERT —2ZRYFTITAZETIDERY —VICADNWNWST—22BETERT S
FiEAEHuman3DZ IR EE
a %ﬁ%bf:?—@%ﬁﬁ?@?é:&’é, BRRIGIDANY T A T—23 0 BRIDINIF— 2 R%E [

Input Point Cloud human-3d.github.io | l Mulni-Human
' Body-Part
DS Segmentation
Human3D \ ‘
o S E . &
% . Synthetic Training Data Real Training Data
.i‘ (3 ! ‘
y}/‘ ) * ) 4 ‘ i # i 4 I
S ? piak _/-"‘/l./‘ instances instances YO it 4 :" Segnlen[a[i()n
-
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Dynamic PlenOctree for Adaptive Sampling Refinement in Explicit NeRF

@ Haotian Bai, Yiqi Lin, Yize Chen, Lin Wang
O NeRFTEBLI-V—UEHE, \DKRIZxY Y 19 BH5ETYUTIRALLUR) T HEEHLT-
PlenOctrees(ICCV2021) R B I -3T
O /\DARKODENZBEICHIEAR T HET, FUATRYIENESKERELGREIATREIC
Q PlenOctreesé bt BRL TETILH A X ZF L EHIFEL-CET, 15 ORTX 3090 GPUT800x800
DEMEZL )T T HMDIZ452FPSESLIZERIE
O EFEDNeRF-SHEFRAL TS =-HFEEEEIXEL
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MIMO-NeRF: Fast Neural Rendering with Multi—input Multi—output Neural
Radiance Fields

a Takuhiro Kaneko

O EEDNeRFILSISO MLP’&EHL\'csDreE#?eHEﬁﬁﬁ%@a%‘%‘rﬁl:ﬂ>7°)l/$1ﬁ'c-7‘y|:°>/7“l,f
W18, HERMEMN -, FETIREFEATIIMIMO MLPERAWTY IL—TBRETHUTILED
IvEV T EITOZET, OI'J’d'éMLPd)ﬁlJ/UZI KUY FEOHHEZE SR

O JIL—THOEEZEDZBRICE S TERDBLEABEZENELLEERMEIL, BAFEFITIRELLZL
BEeHEIHYFE (LY xF

O SISO MLPZFIAL=1EE DNeRFF;%(DONeRF, TensorfE )=+ ¥ 5E vl BE

.4 S‘? iz}

N 52 : g
PSNR 27.68 | A 3 : B PSNR: 33.12

(a) MIMO-NeRF-naive (b) MIMO-NeRF-self
o o (without self-supervised learning) (with self-supervised learning)

(a) NeRF (b) MIMO-NeRF (proposed)

SISO MLP|— (c;,0;)

(cj’ Gj)

SISO MLP —

MIMO MLP

.

SISO MLP —

SISO MLP = (c;,0;) (x;,d)

(ciaai)
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Pose—Free Neural Radiance Fields via Implicit Pose Regularization

a Jiahui Zhang, Fangneng Zhan, Yingchen Yu, Kunhao Liu, Rongliang Wu, Xiaogin Zhang,
Ling Shao, Shijian Lu
d RGBARDH THASR—XHEEHITINeRFIZEEBERADONIMEIELE ST,
fEERBEAR—XIERAMEICKSONAMED R LERE
O BEBREN—2DEF-EIO—RLIER—X DR HEERIEHRELTH AL, Ea—
—EMARIMASETHASHR—RBEHREL TEEEITOEMTIHE
QO BEFEDOGANR—ZXD7FO—F(GNeRF)ELLEIL THEREM L

Reconstruction Loss

(C . Scene ) l l

* Codebook
g, . Image-Weight Real Image / Reconstructed Image [
Ie

Learner a / d \ a
G : Decoder “-—\ (1) D Q\"\
p. Pose ‘ﬁw : T C &\V
Estimator Y 1 E : * 1

. Pose-Weight . N-2
E,:
L Weight X = f
{ ) share . View
B Consistency Loss
c;;K J !P ’ t: m——— V| |€m——— @ ----- o <o o e D e = i:\
- Y = Gy
Real Image / Estimated Pose ¢’ Weight X’ f' Reconstructed Image I’ = Cvpape r.c h al Ie n g e
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Deformable Neural Radiance Fields using RGB and Event Cameras

a Qi Ma, Danda Pani Paudel, Ajad Chhatkuli, Luc Van Gool

O RGBAAZGEARUIAATE A S1ET BDeformable NeRFFIO THIRE
O ARVEAASTERAWSZEIZLY, RGBAASTIRA OGN TWVEWIL—LBOREWNEIEE
W=t GBI A == R B A A BE

QO AASKR—XDFEELITS
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?
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—» Leyent
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https://arxiv.org/pdf/2309.08416.pdf
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NeRF-MS: Neural Radiance Fields with Multi-Sequence (Poster)
a Peihao Li, Shaohui Wang, Chen Yang, Bingbing Liu, Weichao Qiu, Haogian Wang

H
H

H

HIGHFE, BEDNATH LIRESNT-BNE H HNeRFIZLHin the wildZENVSZEITH
E{%% A 71&9 DNeRF in the wild(CVPR2021)&IEELY, BHODBEEXANT HETRYZEER
IERIEAAIEEIC

FMEFTDORZTRE T SERE EICHE Y bappearance codeZtriplet lossz ALVTEIEC &2k
CEESEHHETHEDREZL=LLT-

RHEELGE (H1T7E, BELQL)ZLEoL<{EBET 571-8,sequence transient decomposition

module ZFiB=

Appearance Variation e Sequence0 * °®
Lo ® Sequencel o PS
triplet Etriplet Ve f —> e Sequence 2 & L4 4
® v - °
—_— . [ J
d . e Static Predicted ¢ @ .. *%e e, &
> ° LA o
L Compose Color 4 . PY .. ® ® ® .. : r: - -
o .
R _E‘ — T 1 Ecolor T e e o
- g Transient g.t. oL o9 ° ; H
MLP — Y o
w— P> = p i ¢ : Appearance Code NeRF-W
Transient Decomposition i @ : Sequence Transient Code
1 .
i 1 : Image Transient Code

https://nerf-ms.github.io/
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Canonical Factors for Hybrid Neural Fields

a Brent Yi, Weijia Zeng, Sam Buchanan, Yi Ma
O EEDFHT)YRRBIIEIZDST=NAT AN FELE
O FEIVVIRFADFEEZFEEBAEICT HEITEY NATRAERYBRLZ EIZRETS
O ANXME VAT ME, EITEMICEWOTEALEZEE

]
N
|
1

& 9 0O
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NeuS2: Fast Learning of Neural Implicit Surfaces for Multi—view
Reconstruction
a Yiming Wang, Qin Han,Marc Habermann, Kostas Daniilidis, Christian Theobalt, Lingjie
Liu
O HEEFENeuS)ML2HTA T —DERILZLI-Za—FII Y —DJzARBEZIRE
Q ZRREBEE/ N\ AT OA—T 42T ENENL2BEM A 5T EEXCUDA L TEE
Q FEMNLGEERNSTO—IZKY FAFIVI—2 DOBERKIZHLE

e XeSRCET)
|
I
X1 = RYXE+TE
, L,,_,,,,,,_2“,??‘5:1(",",‘57?{?1_),_F”’””’L”)'
ey T Second-order A :
i ?1 derivative i } ‘ -
etworl | RGB— 5 < X £ X5
enderin = | oo o /
L= 2] s
) 4 ’l
1Z 4
’, 4
4

(a) NeuS2: static scene reconstruction

Global Transformation Prediction
(b) NeuS2: dynamic scene reconstruction
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SparseNeRF: Distilling Depth Ranking for Few—shot Novel View Synthesis

a Guangcong Wang, Zhaoxi Chen, Chen Change Loy, Ziwei Liu

O ET—FDFIEHET "“F?u?
B DFew—shot NeRFDIRZE

D *H ll \ 53_"; FE_ 7 ‘\J 70 75\ 6 Rays Volurr.le Color ==,
REETLERAL - fe s _.{ =
ONANEEREFRI D Mz | " Deptg)—v

A REETINEREBEIDH-HD .
% Fﬁ r'— > W, #_ W, 7 ﬂ'-TIJ {f!J & Reconstruct Color Distill Ranking T Distill Continuity

oo Fﬁﬂ E%}L'l E ﬂ_‘ﬂ] %lj %1: _ ’ d >d, d,>dp Consistent neighbors

.@(bo g Z :C -

Qa<dt

O FEER—XIXETILEED
Few—shot NeRFODSOTAZ EE

AR \ S
- B

‘oW 50
e
Color camera Depth model Depth sensor Depth model Depth sensor
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DIFFGUARD: Semantic Mismatch—Guided Out—of-Distribution Detection using
Pre—trained Diffusion Models

O MERETIILEZFEAL-00DM#E4N1F %  DIFFGUARDDIRE

Q E{E%%DDIM inversion[ZAALT=%&, AIEAELE=DEFICEI>TTFRILIEZSNILIZAN > TEIEZ
O ANEBREEREEROELEIZE>TOODRITEEH. CIFARIONDEER TSOTALZER

@ (synthesis

: : CIFAR-100 |TINYIMAGENET average
classifier guidance Method  |AUROC FPR@95[AUROC FPR@95|AUROC FPR@95

pred. pred -V log ) 4 1 I 1 ¢
label - + EBO[28] | 86.19 5132 | 88.61 44.89 | 87.41 48.11
label [ ] KNN [44] | 89.62 52.19 | 9148 46.18 | 9055 49.19
. : : .. - - MLS[11] | 86.14 5204 | 8853 4538 | 87.34 4871
Classifier Diffusion U-Net fosgifier i s Diffusion U-Net ViM[46] | 87.16 56.81 | 88.85 52.89 | 88.01 54.85
CeashlIc eI S OaATIce MC-Dropout[7]| 86.74 6149 | 8832 58.44 | 87.53 59.97
Deep Ens.[9] | 89.97 54.61 | 91.31 5123 | 90.64 52.92

ConfidNet*[2] | 85.92 7237 | 87.16 69.75 | 86.54 71.06
DiffNB [27] | 89.79 53.23 | 91.77 45.88 | 90.78  49.56

Ours 89.88 5267 | 91.88 4548 | 90.88 49.08
Ours:zso | 89.93 5077 | 91.95 4358 | 90.94 4718
Ours:becprns. | 9040 5251 | 9198 4504 | 91.19 48.78
Ours(Oracle) | 9834 794 | 9852 7.1 | 9843 7.3
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Understanding the Feature Norm for Out—of-Distribution Detection

O OODMANEINI=FEDNNIZHETAHAENEDHFHED /ILLIZDWNWTHHLIZEEX
O OODIZINDKYBENEBD /ILLNINESIGESHIENKBN TS+ TH TSN TLVELY
d XKD/ ALIE=Z2—0 DIEFMHILIERZEETET 00DZEINDEMEIEZ S LA HIBA
O —a—A>OiEME, EFMEIEEZZEELI-/ILL Negative-aware norm(NAN)Z IR ZE
A NAN—/ITA—ADFAELRE. BEFEDOOODRIFEICHMPAAADATHE.

iNaturalist SUN Places Texture

hyper-free label-free  bank-free ) i;pcr EpROS| AUROCT FPR9S| AUROCT FPR9S, AUROCT FPROS)

With Supervised Labels of ID:

MSP 7 s 93.78 29.74 84.56 59.54 84.28 60.94 8490  50.02

Energy 7 o 96.17 20.98 88.91 47.05 87.70 51.15 88.90 39.31

MaxLogit ¥ ¥ 9599  22.06 88.43 5090 8737 53.78 8842 4225 AUROCT FPR95|

KL b v 96.17 20.98 88.91 47.06 87.70 51.15 88.90  39.31 NAN 92.32 31.59

e v sk 3w 412 o5 e a8 w4y R KNI 9299 2926

SSD v ¥ 94.08 37.77 88.06 58.38 84.70 63.89 96.96 11.63 gﬁﬁ i lsiic[t : 1 | gg'gf gggé

KNN v 94.15 38.25 87.75 58.19 84.93 61.80 94.24 19.29 : :

NAN (ours) 7 v 7 9694 1586 9277 2981 9146 3721 8809  43.46 NAN +ReAct [1/]+KNN[17]  94.37 24.94
NAN + ReAct [/ 1]+ SSD [11] 94.61 24.57

Without Supervised Labels of ID (detectors based on supervised labels are not available):

SSD 7 v 60.34 93.87 80.89 78.41 7793 81.26 90.19 33.53

KNN v 84.53 78.71 82.26 76.06 77.50 80.65 91.99 24.61

NAN (ours) v 7 v 92.90 36.09 86.76 56.27 83.22 65.08 87.57 46.86
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Knowledge—Aware Prompt Tuning for Generalizable Vision—Language

Models

o REATIVIZHIETATAOV T NFa—=—24 KAPTZIRE

A BFEOQITAVITFa—2 T [ERMNATIVITH L TORILREA N F+5

3 discrete prompt: AT DRABEMNLGNEZFEERBATHIEHNTOL TR
Q continuous prompts: kY LLNEIE (B =) 7/ —

357ATk

2PS T

o 10{EDEYE S FET—2 1Y TCoCoOp% £

__________________________ N

- WikiPedia Knowledge

. Abyssinian: The Abyssinian is a breed of ‘: [CLASS] ‘ —> Concat
domestic short-haired cat with a ! l - l
distinctive ticked tabby coat, ... : |

. Mexican Petunia: Ruellia simplex, the WikiPedia ' Text Image
Mexican petunia, Mexican bluebell or | . Encoder Encoder
Britton's wild petunia, is a species ... ' o o

¢ 1 : | '
| KEPLER 5 : [ S .. G ] X

Discrete Prompt : l l
" . Abyssinian: the abyssinian is a breed of ', | v :

domestic short-haired cat. Project Adaptation Head
. Mexican Petunia: the Mexican petuniais: © [ |
a species of flowering plant in the family . . R { ..... , !
¢+ Acan. ji ‘ ,CI Cy ] [D] Dg ’ :E_ E S; o H Similarity |
. ¢ Bugspugisefypeetdogwite wmkly i’ Covntinu.o'l;s Prompt l;iscret;.i’rompt ¥ Ry ] i: - Seore
face. L S PR S
Knowledge-Aware Prompts \ Abyssinian E

https://openaccess.thecvf.com/content/ICCV2023/papers/Kan_Knowledge-Aware_Prompt_Tuning_for_Generali

zable_Vision-Language Models ICCV_2023 paper.pdf

K % lQ

Average

\

(a) Average over 11 datasets.

.

Adaptation Head

Base  New ‘ H
CLIP 64.83 7027 | 67.44
CoOp 79.88 59.39 | 68.12
CoCoOp 76.70 67.30 | 71.69
KAPT 7841 70.52 | 74.26
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JAXT—ENZEIZEZS
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-
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(b) Food101
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(c) DTD

https://openaccess.thecvf.com/content/ICCV2023/papers/Wu_Why Is Prompt Tuning_for_Vision-Langua
ge_Models Robust_to Noisy ICCV_2023 paper.pdf

Why Is Prompt Tuning for Vision—Language Models Robust to Noisy Labels?
BT —A%2E LT-Vision-language| 24 H57AV T Fa—=2

75
S 65 — ——
g 60
§ 55 - & - Prompt Tuning
—— Prompt Tuning (+GCE)
50 -, Linear Probe
45 Linear Probe (+GCE)
0 12.5 25 50
Noise rate (%)
(d) UCF101
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Going Beyond Nouns With Vision & Language Models Using Synthetic Data

2 Vision & LanguageE®ETILAEF LT 5. B 1TH), BR, IKEBLGEDIRAFAEEZS]
HEE BB = (Visual Language Concepts, VLO)Z DK OHLE T —3 v hEIRE,

o Y2al—IarTHEEZERL. F¥Tari AT —ansBEERT S,

o TO aybHEREEZ%EST (2, Winoground’ i E DVLCAR U FI—I TH KIBH M EZZERKLT-,

sample scene
39 choices

Add objects to a Control
scene colors/materials

ThreeDWorld (TDW)
physics-based realistic

imulation platform synthesize
] T
.
@ Unity

sample cameras (4-12)

sample objects (0-8)

1 T T

2304 choices ?
sample attributes ] ]
S5E W Bl chinas Add humans to a
s scene
- humans (0-4)
sa;zlje?::" Animageof achair ~ Animage of a A person standing in  An old woman talking
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A Sentence Speaks a Thousand Images: Domain Generalization through
Distilling CLIP with Language Guidance
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_A Sentence Speaks a Thous
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iy 023 paper.pdf

= CLIP
text
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Figure 1. The key intuition behind our argument. While images
can capture more details, text can directly summarize the core con-
cept to represent the object of interest. \_
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Figure 3: Inter-frame propagation for foreground edit-
ing. We use two edited key frames, F;_; and E;, to illus-
trate the process more clearly. The structure guidance and
the text prompt is added into the denoising UNet via the
concatenation and cross-attention mechanism respectively.
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AutoSynth: Learning to Generate 3D Training Data for Object Point Cloud
Registration
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Quality Diversity for Visual Pre—Training
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Ponder: Point Cloud Pre—training via Neural Rendering
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SegGPT: Towards Segmenting Everything In Context
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Skill Transformer: A Monolithic Policy for Mobile Manipulation

a Xiaoyu Huang, Dhruv Batra, Akshara Rai, Andrew Szot
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Manipulate by Seeing: Creating Manipulation Controllers from Pre—Trained
Representations

a Jianren Wang, Sudeep Dasari, Mohan Kumar Srirama, Shubham Tulsiani, Abhinav
Gupta
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MotionLM: Multi—-Agent Motion Forecasting as Language Modeling
a Ari Seff, Brian Cera, Dian Chen, Mason Ng, Aurick Zhou, Nigamaa Nayakanti
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Distribution—Consistent Modal Recovering for Incomplete Multimodal
Learning
3@ Yuanzhi Wang, Zhen Cui, Yong Li
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UniDexGrasp++: Improving Dexterous Grasping Policy Learning via

Geometry-aware Curriculum and Iterative Generalist-Specialist Learning
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ContactGen: Generative Contact Modeling for Grasp Generation

4 Shaowei Liu, Yang Zhou, Jimei Yang, Saurabh Gupta, Shenlong Wang
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Learning Foresightful Dense Visual Affordance for Deformable Object
Manipulation

4 Ruihai Wu, Chuanruo Ning, Hao Dong
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Towards Unifying Medical Vision—and—Language Pre—training via Soft Prompts

d EEAL EE-BEEBEOVILFE—FILEE
O EEEGEEETIAMLTILFE—SILIZ—iEHRIRZ M I HMedical-VLPEIZ D HFZE,
a gﬁg{l;i)J—c%“)%171—93*/1*/:—9’?-1&7‘-’17»1*/:—5@(:éa\ybmu\f:m RBEXDFETIIHE
SL TS,
O RMEMNTOVTRETIANT AV TREHELTHR- TWAT=H . JAV TR EBHFEIZZIDERDhN S,
?ﬁ*‘%ﬁrﬁﬂ%ﬁ%ﬂi%éhi KIBEEZETILOTAOVTIADERNGEN=H, KIREEZBETILEDOH
RIZER.

Q HRRGT 2V TRIFGRRZRLTLS,

https://github.com/z

hjohnchan/PTUnifier

GitHub

I
Image I ’ Text Image-to-Text \Text—to—Image J Image-and-Text MLM ITM ITC
ni-moda’ a 3

Uni-Modal Cross-Modal :
Image Text Image-to-Text Text-to-Image Multi:Modal
Methods CheXpert PNAS RadNLI MIMIC MIMIC ROCO ROCO VQA-RAD SLAKE MedVQA-2019
AUROC AUROC Acc RL BL4 R@1 R@1 Acc Acc Acc
ConVIRT ClinicalBERT TransABS R2Gen ViLT CPRD
Study, [66] [2] [36] [10] [25] [33]
87.3 81.3 72.6 43.8 8.0 11.9 9.8 727 82.1
GLoRIA IFCC WGSum M2Trans METER MMBERT
Study2 [19] [41] [18] [41] [16] [24]
Dual Encoder usion Encoder seudo Visual Token Pool Pseudo Textual Token Pool 881 EE6 s ol 108 i i 20 _ 172
PTUnifier (ours)  90.1 90.6 80.0 46.2 10.7 21.0 20.8 78.3 85.2 793

(a) (b)

il

cvpaper.challenge

148


https://github.com/zhjohnchan/PTUnifier
https://github.com/zhjohnchan/PTUnifier

ICCV 2023 M EA] - [AT=(148/165)

PRIOR: Prototype Representation Joint Learning from Medical Images and

Reports
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Anatomical Invariance Modeling and Semantic Alignment for Self—-supervised Learning in 3D
Medical Image Analysis
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CuNeRF: Cube—Based Neural Radiance Field for Zero—Shot Medical Image

Arbitrary—Scale Super Resolution
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DALL-Eval: Probing the Reasoning Skills and Social Biases of
Text—to—Image Generation Models

1 text—to—imageET JLEFT-/5BImE H 5T
A Object Recognition, Object Counting, Spatial Relation Understanding®
3IDDHABMIHERATILEBIETS 2-DDT—3ybE/ER
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O text—to—image®ET JL[ZObject Counting&Spatial Relation Understanding| ZEEREH Y

A BRIEICERBRZRSE ERCIE., REICRYNDEFET D

I »» diagnostic
< . a person who works as a nurse
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Visual 4 .
inage Texi Image Reasoning ol Text-to-Image Generation Model
Alignment Quality Skills Bias
- . Does model understand  Does model hav.
Can the original caption Do images look p
be inferred from images? roalietio? objects, counts, and gender / skin ton e

spatial relations? bias?

- blcyacs!(ter;;::'l,(ed on “a photo of a dog” “two dogs”

“a person who works
sa »”

Text-to-Image Generation Model

] » I Automated Detection + Human Evaluation I
: I | I https://openaccess.thecvf.com/content/ICCV2
Gender Skin Tone Attribute 023/html/Cho_DALL-Eval_Probing_the Reas
} } ¥ oning_Skills_and_Social_Biases_of Text-to-|
Captioning Distance from Object Gender / Skin tone / mage ICCV 2023 paper.html
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Do DALL-E and Flamingo Understand Each Other?

O text—to—imageET /L image—to-textET /LD R IEELZIRE
O text-to—image®T JL&image—to-textET ILZFAAEHET=HM—IL—LD—O%FIRE
Q TXRNEBOBERIRVIZE>TTHFRANEBRERDOEZFEHETES
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Skip—Plan: Procedure Planning in Instructional Videos via Condensed

Action Space Learning
a2 Procedure Planning, FfEIKREEZ FHIL7GEN_ETHRER L !

0 He B
A= Question: What action sequence are Answcr:'Require.d action sequenceé

[ Procedure PlanninglZ{EX T2 D &P #%fﬁ@lﬁlﬂ%ﬁﬁ e ) |(Tlmcpi?;$=4)|a, |
RHSNT, BLEOTHRTYIEHE FHED 5 ——N
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J C*Lif“ ; [ Mixlng'redients |24
. §<®Eﬁ%—6[iv ”r(a)P::blemDefmutuon
0 PRREBELMLLTEE - LOLPEMREEERT L] 5 S 5] o] |
1BETEELLY. \\~/\ '\ - /ﬁ =W

[ step-by-stepFHIORIEELTERIE - T5—FFE A -----

__________________________________________________________________________________

D ZFE}P% (b) Conventional Procedure Planning Paradigm

O bfEREED#RAESKp! > TS—EEEER g A X B—8_
O 1TE)Z&sub—chainlZH L THR — T —ZBBTIER I”:< 2 = + < E\
d sub—chainE T DEFZREEZET) T T5=HD TS L.

__________________________________________________________________________________

chain decoderZIRZE. (¢} Skip-Pian

@; Predicted Action Label @; Ground-Truth Action Label  §; Predicted Visual State

+ Sub-chain Accumulator . Compounding Error
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Event—Guided Procedure Planning from Instructional Videos with Text
Supervision

a A[ZLESELTLNADMN(ARUN) ZHEBL DO DITEIEHE !

O EH=
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Workshop: Artificial Intelligence for Humanitarian Assistance and Disaster Response
o FIREEX

Q —%:https://www.hadr.ai/iccv23/accepted-papers-iccv23

O Best Paper: TeleViT: Teleconnection-driven Transformers Improve Subseasonal to Seasonal Wildfire
Forecasting

Q FHERGKFRSOD=HIZ, FO—2EHFEGOCFEBRGTEZ AV THER - KIS, SEE, KK REBGES
EIETLHELNSEDNE N OI-NKR.

o BRBELTSMLIERE

O FREFEDEAINTULEGWD, REFFDOPaper IDIX30FREEE TIRoMN, Accepted Paperld 1044, IRthRR2—1$5
X7, ZvFLERBFLESAMBEOT—TIEELNLSH, FIRShPLTNERS.

Q OrganizerlFHERICA—IILTEBRFBEZGEATNS &I CITHIBLTNE=280, IO TOEREREBEWSTHLESE
B&FERTS .

Q ICAXICIHEGT—INHY, TIICTEHKEAHIANEEITKETNAD T, RRAE—FRERTIEFiELYL, EEFAIC
By bEMzIN=-Dr=LES.
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SINC: Self-Supervised In-Context Learning for Vision—Language Tasks

a Incontext—learningMFTLWLVFEZNDIRE
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[ ] e | |
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Data/Label Representatlon Extraction ] @]
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: e . f f f f f f
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2C%20v2)%5D-.SINC%3 Self- Supervnsed Prompt Construction (a) (b) (©
A:/ °2083|f%2DSU°e"V'Se Generalize Figure 2. Architectural comparison. Previous works (a) [ /] and
d_/oZglg(ﬁZ[;C:Z%r{}g)ft.L;azr Inference Dax (b) ["] achieve in-context learning for VL tasks with large lan-
r[])llr_]:n;uag; 0; 5 OTIaSslig &f[e [ Meta Model ] guage models. Our SINC relieves such a constraint by introducing
(] 7y 7y 7y 7y r . . P oye
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https://arxiv.org/abs/2307.07742#:~:text=version%2C%20v2)%5D-,SINC%3A%20Self%2DSupervised%20In%2DContext,Learning%20for%20Vision%2DLanguage%20Tasks&text=Large%20Pre%2Dtrained%20Transformers%20exhibit,demonstrations%20presented%20in%20the%20inputs.
https://arxiv.org/abs/2307.07742#:~:text=version%2C%20v2)%5D-,SINC%3A%20Self%2DSupervised%20In%2DContext,Learning%20for%20Vision%2DLanguage%20Tasks&text=Large%20Pre%2Dtrained%20Transformers%20exhibit,demonstrations%20presented%20in%20the%20inputs.
https://arxiv.org/abs/2307.07742#:~:text=version%2C%20v2)%5D-,SINC%3A%20Self%2DSupervised%20In%2DContext,Learning%20for%20Vision%2DLanguage%20Tasks&text=Large%20Pre%2Dtrained%20Transformers%20exhibit,demonstrations%20presented%20in%20the%20inputs.
https://arxiv.org/abs/2307.07742#:~:text=version%2C%20v2)%5D-,SINC%3A%20Self%2DSupervised%20In%2DContext,Learning%20for%20Vision%2DLanguage%20Tasks&text=Large%20Pre%2Dtrained%20Transformers%20exhibit,demonstrations%20presented%20in%20the%20inputs.
https://arxiv.org/abs/2307.07742#:~:text=version%2C%20v2)%5D-,SINC%3A%20Self%2DSupervised%20In%2DContext,Learning%20for%20Vision%2DLanguage%20Tasks&text=Large%20Pre%2Dtrained%20Transformers%20exhibit,demonstrations%20presented%20in%20the%20inputs.
https://arxiv.org/abs/2307.07742#:~:text=version%2C%20v2)%5D-,SINC%3A%20Self%2DSupervised%20In%2DContext,Learning%20for%20Vision%2DLanguage%20Tasks&text=Large%20Pre%2Dtrained%20Transformers%20exhibit,demonstrations%20presented%20in%20the%20inputs.
https://arxiv.org/abs/2307.07742#:~:text=version%2C%20v2)%5D-,SINC%3A%20Self%2DSupervised%20In%2DContext,Learning%20for%20Vision%2DLanguage%20Tasks&text=Large%20Pre%2Dtrained%20Transformers%20exhibit,demonstrations%20presented%20in%20the%20inputs.
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Towards Improved Input Masking for Convolutional Neural Networks
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Bird's-Eye-View Scene Graph for Vision-Lan uage Navigation
EfR O —> 4 5TBEV Scene Graph (BSQ)ZIRZE

I Instruction: Go to the dining room by front door and push in the chair furthest from the front door.

(a) Previous Methods with Panoramic Decision Space.

B BEV grid

. current node

! . candidate node

(b) Our Method with BEV Dec151on Space.
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Scene Graph Contrastive Learning for Embodied Navigation

I U1 b O— NFHEAEEN >R DB EbAE S EHRE v FIC
AN Tl ey O I T R

R4k
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Embodied Al Model Scene Graph Contrastive Loss
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TextPSG: Panoptic Scene Graph Generation from Textual Descriptions
image—text N7 &ZF ALz, BEHEDPSGL—2 T 57X B DIRE
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e Segment Merger: refinementL I8

e Label Grounder: BLIP Tobjecté&relation®

SRIJLERTE

&
il

cvpaper.challenge s




ICCV 2023 MO EjA - {FT=(161/165)

Vision Relation Transformer for Unbiased Scene | Gra
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Environment-Invariant Curriculum Relation Learning for Fine—Grained Scene Graph
Generation
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HiLo: Exploiting High Low Frequency Relations for Unbiased Panoptic Scene
Graph Generation
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Visually-Prompted Lan%Nage Model for Fine-Grained Scene Graph
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Compositional Feature Augmentation for Unbiased Scene Graph Generation
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