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’ Attention Score

High Resolution Priority

Low Resolution Priority

Stage 2 - Stage §

o o e Mask-Aware Fusion

Attention-Aware Fusion

JERIE 12w X R 22 A0 A 22 OB R ST BRI ATUE 52 9 4B E

SEFR B ERE, 3B Apple APP Store “BfEA 1+ APP”

[ACM MM 2019] J Zhang, L Niu, D Yang, L Kang, Y Li, W Zhao, L Zhang. GAIN: Gradient Augmented Inpainting Network for Irregular Holes. [PR 2023] W Wang, L He, L Niu, J Zhang, Y Liu, H Ling, L Zhang. Diverse image inpainting with disentangled uncertainty.
[ICCV 2021] *W Wang, *J Zhang, L Niu, H Ling, X Yang, L Zhang. Parallel Multi-Resolution Fusion Network for Image Inpainting. [CVPR 2022] W Wang, L Niu, J Zhang, X Yang, L Zhang. Dual-path image inpainting with auxiliary gan inversion.




Visualization
of the Average
Head’s
Attention for
the Class
Token in ViT.

Condition VIiT Finetune :
(‘Iﬂlhu SS SS+RF SS+S¥

T . . . - . ;
E m::;:- : 0] (b) ©) (04} "
Visualization of (a) original image,
(b) attention maps of ViT, (¢) focal points of (b)
Diffusion Model Fiactune (d) aggregation of (¢), (¢) key cluster centers of (d).

Overall framework of our network.
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Qualitative comparisons with baselines.

-

[ACM MM 2023] J Gou, S Sun, J Zhang, J Si, C Qian, L Zhang. Taming the Power of Diffusion Models for High-Quality Virtual Try-On with Appearance Flow
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(b) Inpainted by DM (c) Ours

(a) GANs-based Method

Target Person/Garment

Arxiv: Virtual Accessory Try-On via Keypoint Hallucination; Dynamic Automatic Natural Image Matting with Refined Guidance and Consistent Training; Self-Supervised Vision Transformer for Enhanced Virtual Clothes Try-On
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Dataset Construction Fine-tuning MLLM

FakeXplainer

SKFT + Progressive GRPO
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» Computer Vision: Algorithms and Applications Richard Szeliski
» CS231n at Stanford

* Introduction to Computer Vision CS5670 at Cornell

« CSW182/282A at UC Berkeley

* Modern Computer Vision and Deep Learning (CS 198-126) at UC
Berkeley
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About Coding Homework ...

INMEMVZ120%, 35 )2 CNN. ViTE MR i35 2
VEMVAE Canvas FIR5E, HEZE F&E—4 ipynb XX, S UWMEHENATKRRNEBITER.
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0. Load Preliminary Functions

a. Import Libraries and Functions > AE(torch.nn.Module):
__init_ (self, input dim, hidden dims):

b. MNIST Data Loader super()._ init_ ()

c. Training Function assert hidden _dims[-1] == 2, "always use 2 as the latent dimension for

E e self.encoder = torch.nn.Sequential()
- EVAEHOn FUREHon self.decoder = torch.nn.Sequential()

1. AutoEncoder (AE)
a. Model

b. Loss Functions and Optimizers
decode(self, z):

c. Training return self.decoder(z)

d. Evaluati
valuation forward(self, x):

2. Variational AutoEncoder (VAE) encoded = self.encoder(x)
decoded = self.decode(encoded)

b. Loss Functions return {"imgs": decoded}

Loss 2: KL Divergence w/o
ST hidden_dims = [128, 64, 36, 18, 2]
input_dim = 256

c. Verifying loss 1 == loss 2 ) i ) )
test _tensor = torch.randn([1, input_dim]).to(device)

d. Training with ELBO loss
ae_test = AE(input_dim, hidden_dims).to(device)
e. Evaluation

with torch.no grad():

f. Training with KL Divergence w/o test out = ae test(test tensor)
Estimation N o N
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e Forensics: HUIE I (bE) Mwdg BAy it Al

Source: Nayar and Nishino, “Eyes for Relighting”



Source: Nayar and
Nishino, “Eyes for
Relighting”




Source: Nayar and Nishino, “Eyes for Relighting”



https://www.bilibili.com/bangumi/play/ep28950?t=717
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What You See (with Your Eyes) i1s What You Get?
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https://en.wikipedia.org/wiki/MUler-Lyer_illusion



https://en.wikipedia.org/wiki/Müller-Lyer_illusion
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Warm Cool
illumination illumination
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Fraction of light abscroed

Wavelength
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Source: “80 million tiny images” by Torralba, et al.
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Input Conv Conv Conv Conv Conv FC FC Output
1 2 3 4 5 6 7
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Fast R-CNN
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Log loss + smooth L1 loss

¢ 1
Linear +

softmax Linear

Classification
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http://graphics.stanford.edu/papers/hdrp/hasinoff-hdrplus-sigasia16-preprint.pdf
https://research.googleblog.com/2017/10/portrait-mode-on-pixel-2-and-pixel-2-xl.html
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« B2 H b ] 24 (“Personalized Controllability”)

b5 AMAL: Outfit Anyone + Animate Anyone
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GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse
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Variational Autoencoders,
Normalizing Flows



M.GAN 2I|Diffusion Models

GAN

Diffusion
Models




X
e
LT
my
=k
agd
Ay

BT 4 T

Real Image

Real Image

Fake Image

https://openai.com/sora

Model Source: FLUX
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Hubel and Wiesel, 1959
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Larry Roberts, 1963

@) Original picture (b) Differentiated picture (c) Feature points selected

1959 1963 D N — e
Hubel &IWieseI || Roberts }\A R zﬁ g ’1% j:/—i[:: E:R }:I:Z }lj( ﬂzm . Qﬁ /fEl: J%\

Lawrence Gilman Roberts, “Machine Perception of Three-Dimensional Solids”, 1963
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1959
Hubel & Wiesel

1963
Roberts

MASSACHUSETTS INSTITUTE OF TECHNOLOGY
PROJECT MAC

Artificial Intelligence Group July 7, 1966
Vision Memo. No. 100,

THE SUMMER VISION PROJECT

Seymour Papert

The summer vision project is an attempt to use our summer workers
effectively in the construction of a significant part of a visual system.
The particular task was chosen part%y because it can be segmented into
gub-problems which will allow individuals to work independently and yet
participate in the construction of a system complex enough to be a real

landmark in the development of "pattern recognitioém!l.

https://dspace.mit.edu/handle/1721.1/6125
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Perceiving Real-World Scenes

Irving Biederman
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|. Biederman, Science,
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Generalized Pictorial Structures,
Cylinders, Brooks and Fischler and Elshlager,
Binford, 1979 - - 1973
1959 | 1963 1970s 1979
Hubel & Wiesel Roberts David Marr Gen. Cylinders




21245 Edge Detection(1980s)

1959 | 1963 1970s 1979 1986 John Canny, 1986
Hubel & Wiesel Roberts David Marr Gen. Cylinders Canny David Lowe
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Speed of processing in the
human visual system

Simon Thorpe, Denis Fize & Catherine Marlot

6] ——Animal
Y ——Non-animal
1 — Difference

PR A ) 100 200 300 ms

150 ms !!

Thorpe, et al. Nature, 1996
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Kanwisher et al. J. Neuro. 1997 Epstein & Kanwisher, Nature, 1998
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1959 1963 1970s 1979 1986 1997
Hubel & Wiesel Roberts David Marr Gen. Cylinders Canny Norm. Cuts

| | | | | Normalized Cuts, Shi and Malik,
o
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ULEC (2000s)

1959
Hubel & Wiesel

David Marr

1979
Gen. Cylinders

1986 1997
Canny Norm. Cuts

1999
SIFT
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SIFT, David
Lowe, 1999



PN el
Viola and Jones, 2001
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PASCAL Visual
Object Challenge

1959 | 1963 1970s 1979 1986 1997 | 1999 2001 2004, 2007
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JE B Perceptron
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Learning representations
by back-propagating errors

David E. Rumelhart*, Geoffrey E. Hintont
& Ronald J. Williams*

* Institute for Cognitive Science, C-015, University of California,
San Diego, La Jolla, California 92093, USA

T Department of Computer Science, Carnegie-Mellon University,
Pittsburgh, Philadelphia 15213, USA
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Minsky and Papert, 1969
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Perceptrons
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1959 | 1963 1970s 1979 1986 1997 | 1999 2001 2004, 2001
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1958 1969

Perceptron Minsky & Papert




INFIHL: Fukushima, 1980
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I A% : Rumelhart, Hinton, and Williams, 1986
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1959 1963 1970s 1979 1997 2001

004, 2007
Itech101;
Hubel & Wiesel Roberts David Marr Gen. Cylinders Canny Norm. Cuts SIF V&J Ci‘,iéclﬁi
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1958 1969 1980 1985
Perceptron Minsky & Papert Neocognitron Backprop
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SR M 2% LeCun et al, 1998

Image Maps
Input

Convolutions

Fully Connected
Subsampling
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1959 1963 1970s 1979 1986 1997 1999 2001 ég&;ﬁ@;
Hubel & Wiesel Roberts David Marr Gen. Cylinders Canny Norm. Cuts SIF V&J pASCA|__'
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1958 1969 1980 1985 1998
Perceptron Minsky & Papert Neocognitron Backprop LeNet
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Restricted Boltzmann Machines
3
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| | |
) . : : W
Hinton and Salakhutdinov, 2006 : ;
Bengio et al, 2007 5
Lee et al, 2009 : ~ ? iEncoder WN——— |
Glorot and Bengio, 2010 Pretraining RBM-initialized autoencoder Fine-tuning with backprop
1959 1963 1970s 1979 1986 1997 1999 2001 2007
Hubel & Wiesel Roberts David Marr Gen. Cylinders Canny Norm. Cuts SIF V&J PASCAL
— — L
1958 1969 1980 1985 1998 2006

Perceptron Minsky & Papert Neocognitron Backprop LeNet DL




The Image CIaSS|f|cat|on Challenge

1,000 object classes

Steel drum
Drumstick
Mud turtle

Deng et aI 2009 Russakovsky
et aI IJCV 2015
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1959 1963 1970s 1979 1986 1997 1999 2001 oo 20 | 2009
Hubel & Wiesel Roberts David Marr Gen. Cylinders SIF V&J PASCAL ImageNet
| | | | | 11 |
1958 1969 1980 1985 1998 2006

Perceptron Minsky & Papert Neocognitron Backprop LeNet DL
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2010 2011 2012 2013 2014 2014 2015 2016 2017

Linetal Sanchez & Krizhevsky etal Zeiler & Simonyan & Szegedyetal Heetal Shao et al Huetal
Perronnin (AlexNet) Fergus  Zisserman (GoogleNet) (ResNet) (SENet)
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Hinton and Salakhutdinov, 2006
Bengio et al, 2007

Lee et al, 2009
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Restricted Boltzmann Machines
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Fine-tuning with backprop

Glorot and Bengio, 2010 Pretraining RBM-initialized autoencoder
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Year 2010
NEC-

W Ve S

Dense descriptor grid:
HOG, LBP

{

Coding: local coordinate,
super-vector

|

Pooling, SPM

{

Linear SVM

[Lin CVPR 2011]

Year 2012
SuperVision

[Krizhevsky NIPS 2012]
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Year 2014
GooglLeNet VG
@ Pooling [ image ]
© Convoluti l conv-64
on conv-64
@ Softmax maxpool
Other 888 eony
> T
8880 maxpool
%
) v 256 ¢
QOO0 maxpool
§ €90¥ny-
88:8o o
GOOO maxpool
e
§OOOO maxpool
I~ fc-4096
QOQ fc-4096
8 fc-1000
g softmax
[Szegedy arxiv 2014] [Simonyan arxiv 2014]

Year 2015

[He ICCV 2015]






‘ R RE 2 S o AL AEAE 55
2012%: %y : TCAEANTEIITRIEZ 2] e

Object Detection

Ren, He, Girshick, and Sun, 2015 — Fabaet etal, 2012
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Video Classification Activity Recognition

Spatial stream ConvNet

convi || conv2 || conv3 || conv4 || convs fullé full7
TXTX96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512|| 4096 2048
stride 2 || siride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
pool 2x2

: nom.
pool 2x2 || pool 2x2

Temporal stream ConvNet

convi || conv2 || conv3 || conv4 || conv5 || fulle full?7
TXTx96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

&

softmax

fel

norm. || pool 2x2 pool 2x2
pool 2x2

conv2

conv3

Simonyan et al, 2014
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Pose Recognition (Toshev and Szegedy, 2014)
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Medical Imaging

Whale recognition

Levy et al, 2016

Galaxy

Dieleman et al, 2014
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Image Captioning
Vinyals et al, 2015
Karpathy and Fei-Fel,
2015

sitting in the grass

on top of a surfboard

A white teddy bear

A man in a baseball
uniform throwing a ball

A cat sitting on a
suitcase on the floor

A woman is holding
a cat in her hand

A woman standing on a
beach holding a surfboard



The “GenAI” Era—- From 2022

Chatbot and natural language conversation

What are deep generative models?

Deep generative models are a class of machine learning models that are capable
of generating new data samples that resemble a given dataset. They learn the
underlying distribution of the data and use this knowledge to create new
instances that are similar to the original data but not identical to any specific

training exa @

) Message ChatGPT




The “GenAI” Era—- From 2022

Text-to-image generation

Prompt: -*~aestheatic~*~ #boho #ashion, full-body 30-something woman laying on microfloral grass, candid pose, overlay reads
Stable Diffusion 3.5, cheerful cursive typography font.



The “GenAI” Era—- From 2022




The “GenAlI” Era—- From 2022

Al assistant for code generation




The “GenAlI” Era

Image-to-image generation




The “GenAlI” Era

Image-to-image generation

Nano Banana Pro



The “GenAlI” Era

Image-to-image generation
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The “GenAlI” Era

Image-to-image generation

Nano Banana Pro



The “GenAlI” Era

Image-to-image generation

Nano Banana Pro



The “GenAlI” Era

Image-to-image generation

Nano Banana Pro



The “GenAlI” Era

Text-to-video
Jeneration
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The “GenAl” Era

Text-to-video
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The “GenAlI” Era

Text-to-video




The “GenAlI” Era

Text-to-video
generation
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The “GenAlI” Era

Text-to-video
generation




Issues of Generative Models:
Controllability

Prompt:

=S Generate a
photo of a
badminton
player striking
a shuttlecock.



Still a long long way to go...
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Still a long long way to go...
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People get on
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Still a long long way to go...
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Still a long long way to go...




Issues of Generative Models: Safety
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