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Learning distribution (structure)
Clustering
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Learning representation (feature)
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Learning representation (feature)

encode > decode >
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Most Recent CV Works
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Feature Learning: TAGnet
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Our Work

Joint Unsupervised Learning (JULE)
of Deep Representations and Image Clusters
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Intuition
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Meaningfulclusters can provide supervisory sigral¢earnimagerepresentations
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Intuition

m | H ?‘m Cluster Image
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Meaningfulclusters can provide supervisory sigral¢earnimagerepresentations

Good representations help to get meaningfusters
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Intuition

Cluster images firstand then learrepresentations
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Intuition

Cluster images firstand then learrepresentations

Learnrepresentationférst, and then clustamages
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Intuition

Cluster images an@arnrepresentations progressively
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Intuition

p Good cluster
Good clusters } Good representations

Poor clusters
Poor representations Good representations.g




Intuition

p Good cluster
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Intuition
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Intuition
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AFramework
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AAlgorithm & Implementation
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ApproachFramework
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ApproachFramework

Convolutional Neural Network Agglomerative Clustering

argminL@ |y, ) argminL (y |g |
q y
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ApproachRecurrent Framework
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ApproachRecurrent Framework
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ApproachRecurrent Framework

y
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ApproachRecurrent Framework
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ApproachRecurrent Framework
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ApproachRecurrent Framework
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ApproachRecurrentramework

Backward at each timstep is timeconsuming and prone to owtting!
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ApproachRecurrentramework

Backward at each timstep is timeconsuming and prone to owtting!
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ApproachRecurrentramework

Partially Unrolling: divide all T tirseps into P periods

clusters

In each period, we merge clusters for multiple times and update CNN parameters at the end of perioc
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ApproachRecurrentramework

Partially Unrolling: divide all T tirseps into P periods

Merging WG Merging :
clusters > > clusters

I 8 e |
| ty ty |
| Share I
| param. I
| |
I |
. | . |
LN g \ J
h h
Penod 1 Penod 2

In each period, we merge clusters for multiple times and update CNN parameters at the end of perioc
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ApproachRecurrentramework

Partially Unrolling: divide all T tirseps into P periods

— — — — —— — — — e — — — — — — —

Merging | ing Merging Y Merging
clusters : > clusters > clusters
t5

Share
param.

e e e e ] e e e e e e e e — e —— — e e e e e e e e e e e e e e e — ——

In each period, we merge clusters for multiple times and update CNN parameters at the end of perioc

P is determined by a hypparameter will be introduced later 46



Approachbbijective Functlon

. Merging . Merging
clusters er clusters clusters

Overall loss: L({y's-.y' },16",...0" } | 1) = ZL(y 0|y, 1)

h'd
cluster labels CNN parameters Y
sum over all T timesteps
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ApproachDbjective Function

L{y'. '} 460"} | D) = ZL(y o'y, 1)

cluster labels CNN parametez S J
sum over all T timesteps

—

f =
g = -
S
N

'Ld; a

Lossat time-step t e

’C!’(yénetlyt_ls I) = —A(C;’,Néc [1])

i ( A(C, Ng A(Ci‘NgfL[H)) Cje

’ kzg ConventionaAgg ProposedAgg
Clustering Strategy Clustering Strategy
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ApproachDbjective Function

L{y'. '} 460"} | D) = ZL(y o'y, 1)

cluster labels CNN parametez S J
sum over all T timesteps

Lossat time-step t e
Affinity measure () S
£1(9". 6]y 1) = AL N 1) o Qe

| E -

i ( A(C, Ng — A(C;"Ngf“ [H)) Cje

’ kzg ConventionaAgg ProposedAgg
Clustering Strategy Clustering Strategy

49



ApproachDbjective Function

L{y'. '} 460"} | D) = ZL(y o'y, 1)

cluster labels CNN parametez S J
sum over all T timesteps

Lossat time-step t e
i-th cluster NS

600 P
£1(y". 6y 1) = —ALCHNE ) o Qe

I.___

i ( A(C, Ng A(Ci‘NgfL[H)) Cje

’ kzg ConventionaAgg ProposedAgg
Clustering Strategy Clustering Strategy
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ApproachDbjective Function

L{y'. '} 460"} | D) = ZL(y o'y, 1)

cluster labels CNN parametez S J
sum over all T timesteps

Lossat time-step t

K_cnearest neighbor
clusters of-th cluster

ConventionaAgg ProposedAgg
Clustering Strategy Clustering Strategy
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ApproachDbjective Function

T
L({y',...»" 1. 46",...0" [ D= L(V'.6' |y 1)
V. =1

y
cluster labels CNN parameters N -~ J
sum over all T timesteps

Lossat time-step t
Affinity between-th

/ cluster and its NN

Liy", 0'y' ™1 1) = —A(C, NG [1]):

ConventionaAgg ProposedAgg
Clustering Strategy Clustering Strategy
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ApproachDbjective Function

T
L({y',...»" 1. 46",...0" [ D= L(V'.6' |y 1)
V. =1

y
cluster labels CNN parameters N -~ J
sum over all T timesteps

Lossat time-step t
Affinity between-th

/ cluster and its NN

Liy", 0'y' ™1 1) = —A(C, NG [1]):

ConventionaAgg ProposedAgg

\ I Clustering Strategy Clustering Strategy
Differences between

two cluster affinities 53



ApproachDbjective Function

T
L({y',...»" 1. 46",...0" [ D= L(V'.6' |y 1)
V. =1

cluster labels CNN parameters

J

Lossat time-step t
Affinity between-th

/ cluster and its NN

Ciy", 0y ™" 1) = SACH NG (1))

\ Differences between

two cluster affinities

h'd
sum over all T timesteps

Merge these two clusters

ProposedAgg
Clustering Strategy Clustering Strategy

ConventionaAgg
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ApproachDbjective Function

T
L({y',...»" 1. 46",...0" [ D= L(V'.6' |y 1)
V. =1

y
cluster labels CNN parameters N -~ J
sum over all T timesteps

Merge these two clusters

Lossat time-step t >
Affinity between-th S
/ cluster and its NN g O-0 o
£y 01y 1) = SACH N 1) o Y@
B A v Ko (A(CL NKL[ID A(C!, NKC [H)) Cje
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ApproachDbjective Function

L({y',...»"}.10",..,0"} | ) = ZL(y 6|y, 1)

cluster labels CNN palametms

h'd
sum over all T timesteps

Loss in forward pass in peripdmerge clusters

Loss in forward pass in peripdmerge clusters
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ApproachDbjective Function

L({y',...»"}.10",..,0"} | ) = ZL(y 6|y, 1)

cluster labels CNN palametms

h'd
sum over all T timesteps

Loss in forward pass in peripdmerge clusters

L({y}* |67, )= > L(y'6°,y".1)

tep
.

h'd

sum over timesteps in unrolling period p

Loss in forward pass in peripdmerge clusters
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ApproachDbjective Function

L({y',...»"}.10",..,0"} | ) = ZL(y 6|y, 1)

cluster labels CNN palametms

h'd
sum over all T timesteps

Loss in forward pass in peripdmerge clusters - CNN parameters are fixed

-----

L({y}* 16", )= > L()' |6’_pk,y’1 I

rep

h'd

sum over timesteps in unrolling period p

Loss in forward pass in peripdmerge clusters
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ApproachDbjective Function

L({y',...»"}.10",..,0"} | ) = ZL(y 6|y, 1)

cluster labels CNN palametms = J

h'd
sum over all T timesteps

Loss in forward pass in peripdmerge clusters - CNN parameters are fixed

-----

L({y}* 16", )= > L()' |6’_pk,y’1 I

rep

h'd

sum over timesteps in unrolling period p

Loss in forward pass in peripdmerge clusters Cluster labels are fixed

_____

L@ {y}sses W} 1) = ZL"(QI{J)}M)

optimal solut10ns

~
sum over all previous penods
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ApproachDbjective Function

Simple Greedy Algorithm

Forward Pass: L({y}* |¢*,1)= Y L(y'|¢7,y",1y ~ Merge two clusters which
= J minimize the loss at each

h'd

sum over timesteps in unrolling period p t| me Sste p

clusters

Share parameters

Period P
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ApproachDbjective Function

Simple Greedy Algorithm

Forward Pass: L({y}* |¢*,1)= Y L(y'|¢7,y",1y ~ Merge two clusters which
= J minimize the loss at each

h'd

sum over timesteps in unrolling period p t| me Sste p

| Merging Merging

clusters clusters

Period P
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ApproachDbjective Function

Simple Greedy Algorithm

Forward Pass: L({y}* |¢*,1)= Y L(y'|¢7,y",1y ~ Merge two clusters which
= J minimize the loss at each

h'd

sum over timesteps in unrolling period p t| me Sste p

| Merging Merging Merging
- .p
clusters clusters clusters

o~
O]

Period P
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ApproachDbjective Function

Simple Greedy Algorithm

Forward Pass: L({y}* |¢*,1)= Y L(y'|¢7,y",1y ~ Merge two clusters which
= J minimize the loss at each

h'd

sum over timesteps in unrolling period p t| me Sste p

Merging Merging

clusters clusters

Period P
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ApproachDbijective

Backward Pass: )
L(é’l{y} o Wi 1) = ZL(HI{J/} )

ptml solutions

'

sum over all previous perlods
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ApproachDbijective

Consider all previous periods

ORI ED WACIHTEN)

optimal solutions 1 —
sum over all previous periods

Backward Pass:
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ApproachDbijective

Consider all previous periods

1Ot 012, DA S L @103 ])

p
optimal solutions = --e=== o
sum over all previous periods

Backward Pass:

Cluster based loss is not proper for batch optimization!!!
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ApproachDbijective

Consider all previous periods

1Ot 012, DA S L @103 ])

p
optimal solutions L eaaal — J

sum over all previous periods

Backward Pass:

Cluster based loss is not proper for batch optimization!!!

ApprOXImatlon A(Cfn Ucn;c&') - A(Cm — Cg) + A(Cn — Ci)
Con|

”Q Gl + 1G4 )
.l

+ ———-—AC; = C,

t=1 t=4 " ‘ ICon| + |Cra] ( )
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ApproachDbjective

Consider all previous periods

L@ {y}eses iV} 1) Izlk(é’l{y}*,l)

optimal solutlons - ~
sum over all previous perlods

Backward Pass:

Recall clustebased loss: £f(y', 'y ~", 1) = —A(C!, N5<[1])

i( (CELNET1]) — A(CL N k)

(' k‘:?

Convert to sampkpased loss:

welght

LEO| YoV D==2 (v Ax,x;) — A(x.%) )
Intra-sample affinity  Inter-sample affinity

optimal solunons L.k
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ApproachDbjective

Consider all previous periods

L@ {y}eses iV} 1) Izlk(é’l{y}*,l)

optimal solutlons - ~
sum over all previous perlods

Backward Pass:

Recall clustebased loss: £f(y', 'y ~", 1) = —A(C!, N5<[1])

i( (CELNET1]) — A(CL N k)

(' k‘:?
Convert to sampkpased loss: Weighted triplet loss
Weight ____________________________________
LEO| e V. D=2 (7 Ax,x) — A(x.x) )
ij.k — — e e 1

1
optimal solutions E_ Intra-sample affinity ~ Inter-sample affinity !
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Approachalgorithm & Implementation

Algorithm 1 Joint Optimization on y and 0

Input:
I': = collection of image data;
n..: = target number of clusters;
Output:
y*,0": = final image labels and CNN parameters;
t+0;p«0
Initialize @ and y
repeat
Update y' to y
if t = t;, then
Update 6” to P! by training CNN
p«(p+1)
end if
t—1t+1
10: until Cluster number reaches n,
11: y* <yt 0" « 6°

FOR S —

1 by merging two clusters

A A A
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Approachalgorithm & Implementation

Algorithm 1 Joint Optimization on y and 6

Input: . .
I: = collection of image data; 1 Raw image data

n.: = target number of clusters;
Output:
y*,0": = final image labels and CNN parameters;
t<—0;p«0
Initialize 6 and y
repeat
Update y* to y**! by merging two clusters
if t =t} then
Update 8” to P! by training CNN
p+ (p+1)
end if
t—t+1
until Cluster number reaches n;
Yyt —yt; 0% «— 6P

e e o e Y Y I A B

(] .
—_ O
.

71



Approachalgorithm & Implementation

Algorithm 1 Joint Optimization on y and 6

Input: */,”””/’,,,,,,/ff’ Raw image data
I: = collection of image _d_qt_a_:,_i

n’: = targetinumber of clusters; : < Assume it is known
Output:
y*,0": = final image labels and CNN parameters;
t<—0;p«0
Initialize 6 and y
repeat
Update y* to y**! by merging two clusters
if t =t} then
Update 8” to P! by training CNN
p+ (p+1)
end if
t—t+1
until Cluster number reaches n;
Yyt —yt; 0% «— 6P

e e o e Y Y I A B

(] .
—_ O
.
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Approachalgorithm & Implementation

Algorithm 1 Joint Optimization on y and 6

Input: / Raw image data
I: = collection of image _d_qt_a_:,_:

ng: = target number of clusters; i« Assume it is known
Output:

y*,0": = final image labels and CNN parameters;
t<0;p<«0 Randomly initialize CNN parameters

Initialize 6 and y i« 4 samples in each cluster in average

repeat
Update y* to y**! by merging two clusters
if t =t} then
Update 8” to P! by training CNN
p+ (p+1)
end if
t—t+1
until Cluster number reaches n;
Yyt —yt; 0% «— 6P

e e o e Y Y I A B

(] .
—_ O
.
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Approachalgorithm & Implementation

Algorithm 1 Joint Optimization on y and 6

Input: / Raw image data
I: = collection of image _d_qt_a_:,_:

ng: = target number of clusters; i« Assume it is known
Output:

y*,0": = final image labels and CNN parameters;
t<0;p<«0 Randomly initialize CNN parameters

Initialize 6 and y i« 4 samples in each cluster in average

repeat
Update y* to y**! by merging two clusters

ift =t then / Train CNN for about 20 epochs
Update 67 to 7! by training CNN
p+—((@+1)

end if

t—t+1
until Cluster number reaches n;
. y* < yt, 9* <— 9}9

e e o e Y Y I A B

(] .
—_ O
.
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Approachalgorithm & Implementation

Algorithm 1 Joint Optimization on y and 6

Input: / Raw image data
I': = collection of image data; !

_____ g€ data, |
ne: = targetnumber of clusters; - Assume it is known
Output:
y*,0": = final image labels and CNN parameters;
Lte=0p<0 Randomly initialize CNN parameters
2: Initialize 6 and Yy« 4 samples in each cluster in average
3: repeat
4:  Update y* to y*! by merging two clusters
5. ift = t¢ then e / Train CNN for about 20 epochs
6: Update 67 to 7! by training CNN
7: p+—((p+1)
g: end if We can go back and retrain the model, but it
o0 tet+1l / improve slightly
10: untiliCluster number reaches 7, i
1 y* gt e |
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ExperimentsDatasets
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ExperimentsSettings

Hyper-parameter E_ K, _M A v Lo
Value 20 1.0 5 1.0 2.0 09o0r0.2

Dataset COIL20 COILI0O0 USPS MNIST-test MNIST-full UMist FRGC CMU-PIE YTF
convl v v v v v v v v v
bnl v v v v v v v v v
relul v v v v v v v v v
pooll e v v v Ve v Ve v v
conv2 v v — v v v v v v
bn2 v v — v v v v v v
relu2 v v v v v v v v
pool2 v v — — — v v v v
conv3 v v — — — v — — —
bn3 v v v

relu3 v v - - - v — — —
pool3 v v — — - v - — —
conv4 v v — — — — — — —
bn4 v v - - — — —
relud v v — — — — — — —
pool4 v v - - - - - - -
ipl v v v v v v v v v
12-norm v v v v v v v v v
wt-loss v v v v v v v v v

Two important parameters

Set the layer numbers so that the
Output feature map is about 10x10
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ExperimentsClustering Performance

+6.43% orNMI tobest performance of existing approaches averaged over all datasets

Table 3: Quantitative clustering performance (NMI) for different algorithms using image intensities as input.

Dataset COIL20 COILI100 USPS MNIST-test  MNIST-full UMist FRGC  CMU-PIE YTF
K-means [ 3] 0.775 0.822 0.447 0.528 0.500 0.609  0.389 0.549 0.761
SC-NJW [+3]  0.860/0.889 0.872/0.854 0.409/0.690  0.528/0.755 0.476 0.727  0.186 0.543 0.752
SC-ST [67] 0.673/0.895  0.706/0.858  0.342/0.726  0.445/0.756 0.416 0.611 0431 0.581 0.620
SC-LS [7] 0.877 0.833 0.681 0.756 0.706 0.810  0.550 0.788 0.759
N-Cuts [57] 0.768/0.884  0.861/0.823  0.382/0.675  0.386/0.753 0.411 0.782  0.285 0.411 0.742
AC-Link [25] 0.512 0.711 0.579 0.662 0.686 0.643  0.168 0.545 0.738
AC-Zell [70] 0.954/0.911 0.963/0.913 0.774/0.799  0.810/0.768 0.017 0.755  0.351 0.910 0.733
AC-GDL [68]  0.945/0.937 0.954/0.929 0.854/0.824  0.864/0.844 0.017 0.755  0.351 0.934 0.622
AC-PIC [6Y] 0.950 0.964 0.840 0.853 0.017 0.750  0.415 0.902 0.697
NMEF-LP [1] 0.720 0.783 0.435 0.467 0.452 0.560  0.346 0.491 0.720
NME-D [57] 0.692 0.719 0.286 0.243 0.148 0.500 0.258 0.983/0.910 0.569
TSC-D [61] -/0.928 - - - -/0.651 - - - -

OURS-SF 1.000 0.978 0.858 0.876 0.906 0.880  0.566 0.984 0.848
OURS-RC 1.000 0.985 0.913 0.915 0.913 0.877  0.574 1.00 0.848
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ExperimentsClustering Performance

+12.76%0n AC tobest performance of existing approaches averaged over all datasets

Table 10: Quantitative clustering performance (AC) for different algorithms using image intensities as input.

Dataset COIL20 COILIOO USPS MNIST-test MNIST-full UMist FRGC CMU-PIE YTF
K-means [ Y] 0.665 0.580 0.467 0.560 0.564 0419  0.327 0.246 0.548
SC-NIW [+3] 0.641 0.544 0.413 0.220 0.502 0.551  0.178 0.255 0.551
SC-ST [67] 0.417 0.300 0.308 0.454 0.311 0411  0.358 0.293 0.290
SC-LS [?] 0.717 0.609 0.659 0.740 0.714 0.568  0.407 0.549 0.544
N-Cuts [57] 0.544 0.577 0.314 0.304 0.327 0.550  0.235 0.155 0.536
AC-Link [25] 0.251 0.269 0.421 0.693 0.657 0.398  0.175 0.201 0.547
AC-Zell [70] 0.867 0.811 0.575 0.693 0.112 0.517  0.266 0.765 0.519
AC-GDL [65] 0.865 0.797 0.867 0.933 0.113 0.563  0.266 0.842 0.430
AC-PIC [69] 0.855 0.840 0.855 0.920 0.115 0.576  0.320 0.797 0.472
NME-LP [1] 0.621 0.553 0.522 0.479 0.471 0.365 0.259 0.229 0.546
OURS-SF 1.000 0.894 0.922 0.940 0.959 0.809 0461 0.980 0.684

OURS-RC 1.000 0.916 0.950 0.961 0.964 0.809 0461 1.000 0.684
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ExperimentsClustering Performance

Average +21.5% on NMI

Table 4: Quantitative clustering performance (NMI) for different algorithms using our learned representations as inputs.

Dataset COIL20 COILIOO USPS MNIST-test MNIST-full UMist FRGC CMU-PIE YTF
K-means [ Y] 0.926 0.919 0.758 0.908 0.927 0.871 0.636 0.956 0.835
SC-NJW [43] 0.915 0.898 0.753 0.878 0.931 0.833  0.625 0.957 0.789
SC-ST [67] 0.959 0.922 0.741 0.911 0.906 0.847  0.651 0.938 0.741
SC-LS [1] 0.950 0.905 0.780 0.912 0.932 0.879 0.639 0.950 0.802
N-Cuts [57] 0.963 0.900 0.705 0.910 0.930 0.877  0.640 0.995 0.823
AC-Link [25] 0.896 0.884 0.783 0.901 0.918 0.872  0.621 0.990 0.803
AC-Zell [70] 1.000 0.989 0.910 0.893 0.919 0.870  0.551 1.000 0.821
AC-GDL [6¥] 1.000 0.985 0.913 0.915 0.913 0.870 0574 1.000 0.842
AC-PIC [6Y] 1.000 0.990 0.914 0.909 0.907 0.870  0.553 1.000 0.829

NMEF-LP [ ] 0.855 0.834 0.729 0.905 0.926 0.854 0575 0.690 0.788
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ExperimentsClustering Performance

Average 25.7%on NMI

Table 11: Quantitative clustering performance (AC) for different algorithms using our learned representations as inputs.

Dataset COIL20 COILIOO USPS MNIST-test MNIST-full UMist FRGC CMU-PIE YTF
K-means [3Y] 0.821 0.751 0.776 0.957 0.969 0.761 0.476 0.834 0.660
SC-NJW [43] 0.738 0.659 0.716 0.368 0.972 0.707  0.485 0.776 0.521
SC-ST [67] 0.851 0.705 0.661 0.960 0.958 0.697  0.496 0.896 0.575
SC-LS [3] 0.867 0.735 0.792 0.960 0.973 0.733  0.502 0.802 0.571
N-Cuts [5] 0.888 0.626 0.634 0.959 0.971 0.798  0.504 0.981 0.441
AC-Link [75] 0.678 0.539 0.773 0.955 0.964 0.795  0.495 0.947 0.602
AC-Zell [70] 1.000 0.931 0.879 0.879 0.969 0.790  0.449 1.000 0.644
AC-GDL [6¥] 1.000 0.920 0.949 0.961 0.878 0.790  0.461 1.000 0.677
AC-PIC [6Y] 1.000 0.950 0.955 0.958 0.882 0.790  0.438 1.000 0.652

NME-LP [ 1] 0.769 0.603 0.778 0.955 0.970 0.725  0.481 0.504 0.575
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Our clustering performance vs. that of existing clustering approaches using raw image data.

Method K-means SC-NJW  SC-L§  N-Cuts AC-Zell AC-GDL AC-PIC NMF-LP NMF-D OURS-5F OURS-RC

Avg. NMI (.598 (1.595 0.751 0.559 (.696 0.699 (.710 0.533 0.489 (.877 0.5892
Avg. AC 0.486 (L.42% 0.612 0.394 (.569 0.631 (1639 0.449 - (1.850 0.561

Clustering performance using our representation fed to existing clustering algorithms.

Method K-means SC-NJW  S5C-LS  N-Cuts AC-Zell AC-GDL AC-PIC NMF-LF

Avg. NMI (.860 (0.842 ().861 (.860 ().554 0.890 ().5&6 0.795
Avg. AC 0.778 0.716 0.771 0.756 (.838 0.848 (0.847 0.707




ExperimentsClustering Visualization
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USPS

(g) Initial stage (2232) (h) Middle stage (22) (1) Final stage (10)

MNISTtest

(1) Initial stage (1762) (k) Middle stage (22) (1) Final stage (10)
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