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AR (GRURMARR . 3 x 4 AR, B AL RS
(CCD/CMOS. FHHPFEF, £54385w); BB
PEVER GBI, milnEst . Sisantr. BENRER
FEEHD: B (RGB. HSV. Lab)

2 FUG R WEFGM: Marr-Hildreth (LoG) 5 Canny &%
CHEHRAEMH] . XRMED); Harris f 4 M4
B, MR ERAL R = det(M) — ktr(M)2. HekEAAR
PEUERH; SIFT HRfiF: REZSE Rz DoG).
WAERTIN . BREETT [ BT B 128 4EliiR T RHIE
VLHE 5 LR (Lowe’s ratio test)

3 AN PR LT AR (Essential Matrix) 5 A}
4EB%E (Fundamental Matrix) HJE X 5K FR; Xtk
ZIR o TFr = 0 WS 8 miBER) SE R FEHE
F; RANSAC: S#fTHHESE . N ALY, BRI
AT AHNARE (Zhang's J77E. 12 M WAL 1E)

4 AR S = R XH SEAR G : = A& (Triangulation) JF P 528
MR 2K (Disparity Map); 2 UL : A5
A BEAJRILAL (SGMD; iz sk & 4544 (Structure
from Motion, SfM): ###3 SIM Ji/KZE CREEIT
it — PALEIRIEE L — BEEEM — BA); JeRk
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5 CNN #ig BRI RE ) AR RUE M BRIE R, K32
¥ 38 9 #1; Batch Normalization: HyEH#HE S
WIS/ HEWT 22 5« BREESL 3T FRZEM 2% (ResNet):
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7+ &R (MobileNet); #HZZEMHER (NAS) #
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Vision Transformer (ViT): Patch Embedding. i
By, CLS Token 733:; ZLHEERINIHE
HIkE (O(nd)); Swin Transformer: 4245,
& HYER /). Shifted Window AL SR A7 E B ;
DeiT CEIIRZERINZE); VIT vs CNN H)HZA 1w B
ELAL

GAN Hit: DCGAN Z2#4 . Y2k Hbr A= 5t 17
5 StyleGAN : B R 2% . AdaIN IH—1k . KR &
ST I EUE R (Diffusion Models): DDPM
(LB HU AR HUa S . DDIM I3 KA
M4 AL (Classifier-free Guidance); DALL-E 2
5 Stable Diffusion: SCA-EUEXIFHLSH]. A
BRA (LDMD

JeiAdTh: Horn-Schunck 778 CEAMEAHES
Lucas-Kanade J77%5. RAFT; #WA02: XM
4 (AW + FEWD . 3D B (C3D/I3D) .
SlowFast M2 (RUMIZ K 1T); Video Transformer:
TimeSformer (7B Z257% & /1) Video Swin; 3]
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CLIP (Contrastive Language-Image Pre-
training) : InfoNCE X} Lu#ii k52 84T, K
RO T 5. FFEARITR: ALIGN (BEFH
BAEXFF) s A (VQA): F ARG 7L 3
KIERT%; LLaVA: Maads 0. /AR
PRI, MR (Visual Grounding)
A (NeRF) : RERFIETEES (K
ARG IBPTE . SREESREE ) A B gmht Iy b 221 |
Instant-NGP Jiis; =4k sl (3D Gaussian
Splatting, 3DGS): #EERE R M. BHFEHES:
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& NeRF. "%i%k 3D, H A5
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o ZITH (Lecture): #FPF 20-25 Wi, Btz Ol FIEREEL ARG S5 5 1)

o BEMEM: AR OSRSE T EEIEY], O, 8 RENARRAIGEY] . NeRF /RVE A4
. InfoNCE #ii/kf5 B iR 4
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3.1 REHH

o R. Hartley & A. Zisserman, Multiple View Geometry in Computer Vision, 2nd ed., Cambridge
University Press, 2004. [f8#LJLfAT. F#RJLAT. —HZRZANEESE]

o R. Szeliski, Computer Vision: Algorithms and Applications, 2nd ed., Springer, 2022. [ 5 H &
I"HEE B, &R

o 1. Goodfellow, Y. Bengio & A. Courville, Deep Learning, MIT Press, 2016. [REZ S ¥ FE A,
HE& %]

e D. Forsyth & J. Ponce, Computer Vision: A Modern Approach, 2nd ed., Prentice Hall, 2011.
(2 B4 DE 0 #1 ]

3.2 #ZDLILX

o K. He et al., “Deep Residual Learning for Image Recognition,” CVPR 2016. [ResNet]

e S. Ren et al., “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Net-
works,” NeurIPS 2015. [Faster R-CNN]

o K. He et al., “Mask R-CNN,” ICCV 2017. [Mask R-CNN]

o A. Dosovitskiy et al., “An Image is Worth 16x16 Words: Transformers for Image Recognition at
Scale,” ICLR 2021. [ViT]

e 7. Liu et al., “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows,”
ICCV 2021. [Swin Transformer]

o A. Radford et al., “Learning Transferable Visual Models From Natural Language Supervision,”
ICML 2021. [CLIP]

o B. Mildenhall et al., “NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis,”
ECCYV 2020. [NeRF]

e B. Kerbl et al., “3D Gaussian Splatting for Real-Time Novel View Synthesis,” SIGGRAPH 2023.
[BDGS]

» J. Ho et al., “Denoising Diffusion Probabilistic Models,” NeurIPS 2020. [DDPM]

o H. Liu et al., “Visual Instruction Tuning,” NeurIPS 2023. [LLaVA]
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3.3 #FEREIR

« Stanford CS231n: Convolutional Neural Networks for Visual Recognition (http://cs231n.
stanford.edu) —IREEMIF I RN 1B IE

o CMU 16-385 Computer Vision (http://16385.courses.cs.cnu.edu) —Z MM LT

« ECCV / CVPR / ICCV / NewrIPS / ICLR it CE—TEtE


http://cs231n.stanford.edu
http://cs231n.stanford.edu
http://16385.courses.cs.cmu.edu
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