ANEFES
R 5 b

PEKING UNIVERSITY

Rotating Features for Object Discovery

Sindy Lowe, Phillip Lippe, Francesco Locatello, Max Welling

NeurlPS 2023 Oral

PRESENTER: MINGHAO LIU
2023/12/3 /



1//4

Outline

1/Background
2/Method

3/Experiments



1//4

B ac kg roun d A Simple Framework for Contrastive Learning of Visual Representations

. S i m C L R ( I C M L 2 02 0) Ting Chen! Simon Kornblith! Mohammad Norouzi' Geoffrey Hinton !
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Background

B SImMCLR
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Background

m MoCo (CVPR 202

contrastive loss
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Momentum Contrast for Unsupervised Visual Representation Learning

Kaiming He Haoqi Fan
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Background

Algorithm 1 MoCo v3: PyTorch-like Pseudocode

B MoCo v3 i

X in loader: # load minil
x1l, x2 = aug(x), aug(x) #
ql, g2 = f_q(x1), f_qg(x2) ri ,
kl, k2 = f_k(x1), f_k(x2) # ke , e

loss = ctr(gl, k2) + ctr(g2, kl)
loss.backward()

update (f_q) # imize:
f k =mxf_k + (1-m)xf_q #

étf(q,Ak):

logits = mm(q, k.t()) # [N,
labels = ranage (N) #

loss = CrossEntropyLbss(logits/tau, labels)

rn 2 x tau x loss
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B ac kg rO u n d Bootstrap Your Own Latent

A New Approach to Self-Supervised Learning

. Jean-Bastien Grill*' , Florian Strub*' , Florent Altché*! , Corentin Tallec*' , Pierre H. Richemond*'-2
e u r Elena Buchatskaya' , Carl Doersch’ , Bernardo Avila Pires' , Zhaohan Daniel Guo'

Mohammad Gheshlaghi Azar', Bilal Piot', Koray Kavukcuoglu' , Rémi Munos' , Michal Valko!

'DeepMind 2Imperial College
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BYOL

Y R

10
11
12

Algorithm 1: BYOL: Bootstrap Your Own Latent

Inputs :
D, T,and T’ set of images and distributions of transformations
0, fo. ge, and gy initial online parameters, encoder, projector, and predictor
&, fes 9e initial target parameters, target encoder, and target projector
optimizer optimizer, updates online parameters using the loss gradient
K and N total number of optimization steps and batch size

{meH<, and {m}, target network update schedule and learning rate schedule

for k. =1to A do
B+ {z; ~ D}V, // sample a batch of N images
for z; € Bdo
t~Tandt' ~ T’ // sample image transformations
21 < go(fo(t(x:))) and z3 < go(fo(t'(x:)))
21 = ge(fe(t'(24))) and 25 < ge(fe(t(x:)))
‘ (ge(21),21) (ge(22),25)
i =2 (quul)u,uz;n,z + ||qe(:2)||;,-||:.gll.2)
end
N
o0 % > Opl; // compute the total loss gradient w.r.t.f
i=1
) < optimizer (0, 60, ;) // update online parameters
E— 1€+ (1 —7)0 // update target parameters
end

Output :encoder fy

// compute projections
// compute target projections

// compute the loss for z;




13

1//4

Background

B SimSiam

similarity

predictor h

encoder f
L1

image =

Exploring Simple Siamese Representation Learning

encoder f

L2

stop-grad

Xinlei Chen
Facebook AI Research (FAIR)

Kaiming He

Algorithm 1 SimSiam Pseudocode, PyTorch-like

H H

f: backbone
h: j

for x in loader:

x1
z1

pl

L.backward()
update (£, h)

def D(p, z): # negati

z

P
z
re

eturn —(pxz)

, X2 = aug(x
, z2 = f£(x1)
» P2 = h(zl)
= D(pll 22)/

[

z .detach ()

normalize (

normalize (p, dim=1)

# load minibat X with sam
), aug(x) # andom augmentation
, £(x2) # projections, n-by-d

, h(z2) redictions, n-by-

2 + D(p2, zl1)/2 # 1

# stop gradient

l12-normalize
l12-normalize

He =

z, dim=1)

.sum(dim=1) .mean ()
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Background

m DINO(CVPR 2021)
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loss:
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centering

teacher ggq

Emerging Properties in Self-Supervised Vision Transformers

Mathilde Caron'? ~ Hugo Touvron'?
Julien Mairal>  Piotr Bojanowski! ~ Armand Joulin'

I Facebook AI Research

2 Inria*

Ishan Misra! ~ Hervé Jegou!

3 Sorbonne University
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DINO

loss:
- p2log pi

softmax

cma
student ggg

g

softmax

I

centering

teacher ggq

Algorithm 1 DINO PyTorch pseudocode w/o multi-crop.

# gs, gt: student and teacher networks

# C: center (K)

# tps, tpt: student and teacher temperatures

# 1, m: network and center momentum rates

gt .params = gs.params

for x in loader: # load a minibatch x with n samples

x1, x2 = augment (x), augment (x) # random views
sl, s2 = gs(x1l), gs(x2) # student output n-by-K
tl, t2 = gt(x1l), gt(x2) # teacher output n-by-K

loss = H(tl, s2)/2 + H(t2, sl)/2
loss.backward () # back-propagate

# student, teacher and center updates
update (gs) # SGD

gt.params = l*gt.params + (1-1)*gs.params
C = mxC + (1l-m)+*cat([tl, t2]) .mean (dim=0)

def H(t, s):
t = t.detach() # stop gradient
s = softmax(s / tps, dim=1)
t = softmax((t - C) / tpt, dim=1l) # center + sharpen

return - (t * log(s)) .sum(dim=1) .mean ()
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DINO
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B a C kg ro u n d Unsupervised Conditional Slot Attention

for Object Centric Learning

Avinash Kori Francesco Locatello * Francesca Toni Ben Glocker |

B Object-centric representations SR —

a.kori2l@imperial.ac.uk

B Decompose scenes in terms of abstract building blocks
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MONet: Unsupervised Scene Decomposition and

Background

Representation

Christopher P. Burgess, Loic Matthey, Nicholas Watters,
. MONet Rishabh Kabra, Irina Higgins, Matt Botvinick, Alexander Lerchner

DeepMind
London, United Kingdom

B Slot-Based Methods
B Multi Objects
B Components VAE

B Recurrent attention network
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VAE

Probabilistic Encoder

q(z|x"?) = f(x?)

Draw sample
R

Code
z0D

Probabilistic Decoder
p(x|ztD) = g(@"“D)

Draw sample
—

Reconstruction Loss

logp(x?|2*Y)
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MONet

a Image

Step 1 Step 2 StepK-1
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K K
L(¢;0;9;%) = —log Y myp(x|zr) + BDrr (] | 4o (zalx, my) || p(2))
k=1 k=1

+ YDk (qy(c|x) || po(cl{z}))
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Background

B SlotCon (NeurlPS 2022)

Self-Supervised Visual Representation Learning
with Semantic Grouping

Xin Wen' Bingchen Zhao*? Anlin Zheng!'* Xiangyu Zhang® Xiaojuan Qi'
"University of Hong Kong  2University of Edinburgh  *LunarAl *MEGVII Technology

{wenxin, xjqi}@eee.hku.hk zhaobc.gm@gmail.com
{zhenganlin, zhangxiangyu}@megvii.com
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SlotCon
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Background

Sindy Lowe
UvA-Bosch Delta Lab, University of Amsterdam

Phillip Lippe
QUVA Lab, University of Amsterdam

. C A E Maja Rudolph

Bosch Center for AI

Max Welling
UvA-Bosch ata Lab, University of Amsterdam

B Complex-Valued Autoencoders

B Simple Design

Complex-Valued Autoencoders for Object Discovery

loewe.sindy@gmail.com

p.lippeQuuva.nl

maja.rudolph@us.bosch.com

m.welling@uva.nl
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Background

Sindy Lowe
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CAE

B Synchronization

B Additive operations  , — 7 (2) = £, (Re(z)) + fo(Im(z)) -i € Cow

B Desynchronization my =[¢|+b, R @y =arg(y)+ b,

B More control over the precise phase shifts:

. Gating X — fw(‘z‘) + bm c Rdout
my = 0.5 -my +05-x € R

e Rdout
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CAE

B Complex-Valued Activation Function

z' = ReLU(BatchNorm(m,)) o e¥% & Cout
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CAE
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CAE
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Method

B Rotating Features

| _Rotating
Feature
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Method

B Rotating Features
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Method

B Rotating Features

Zin E Rnde W 6 RdinXdout

¥ = fw(zm) +b € R
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Method

Rotating Features
Zin = RnXdin W € RdinXdout b c RnXdout

Y= fw(zin) +b € R™ > dou

X = fw(l|Zinlly) € R%

Mg = 0.5 - [|l], +05-x € R*
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Method

B Rotating Features
Zin = RnXdin W € Rdin X dout b c RnXdout

Y= fw(zin) +b € R™ > dou

X = fw(l|Zinlly) € R%

mping = 0.5 - [|9[[, +0.5-x € R out

Moyt — ReLU(BatChNorm(mbind)) c Rdom
P

X d
Zout — "My € [R" 7 Gout

11l
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Method

B Training Process

Incorporating Rotating feature

Input C*H*W n— 1 empty nput n*C*H*W Output n*C*H*W
dimensions
Magnitude
< Output C*H*W
~
T~ . Linear Layer Jfout
Reconstruction Loss -~ Rescaled

—
—---
_-——_

Output C*H*W
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Method

B Evaluating Object Separation in Rotating Features
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Method

B Evaluating Object Separation in Rotating Features
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Method

B Evaluating Object Separation in Rotating Features

il _ {1 if 257" >

eval 0 otherwise

c 7
W OZ
Zz 1 eval norm c Rn X h X w

Zeyal — C
Zz 1 Weval + €
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Experiments

B Rotating Features Applied to Real-World Images

Predictions
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Experiments

B Rotating Features Can Represent More Objects

Input Predictions
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Experiments

B Rotating Features Are Applicable to Multi-Channel Images

Input Predictions
RGB RGB-D 1.0

0.8

ARI-BG

06 Input

—— RGB
RGB-D
HFa

1 2 3 4 5
Number of colors
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Experiments
B Object Discovery
GT AE CAE RF AE CAE Rotating Features
Model MBO; 1 MBO.. 1 : ‘; 0.006
Block Masks 0.247 0.259 d, | LA, 0%
Slot Attention 0.222 + 0.008 0.237 +0.008 0.002 I I
SLATE 0.310 =+ 0.004 0.324 + 0.004 0.000 ol T ? ——
Rotating Features -DINO 0.282 + 0006  0.320 =+ 0.006 n
DINO k_means 0363 0405 10 AE CAE Rotating Features
DINO CAE 0.329 4+ 0.009 0.374 + 0.010 09
DINOSAUR Transformer 0.440 + 0.008 0.512 +0.008 %o
DINOSAUR MLP 0.395 +0000  0.409 + 0.000 o7 i ﬁ
Rotating Features 0.407 £0001  0.460 + 0.001 02 2 3 4 5 6 7 8

(a)

n

(b)
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Experiments

B Rotating Features Are Applicable to Real-World Images

Predictions
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