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How can we recover the shared @ for clustering while ignoring
noise/nuisance 1, ¢?
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CCA classical solution intuition

CCA finds directions that make paired projections agree, while exposing
the shared cluster structure:

C.'C.,C,'Cpa=p’a, u=a'X, v=0b"Y.

view X view Y’

u=aTX v=>blY

cluster 1 cluster 2 cluster 1 cluster 2

CCA aligns paired samples and yields cluster-
separating canonical coordinates in both views.
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2013 Deep CCA — Andrew et al.

2016 Non-parametric CCA — Michaeli et al.
2021 Deep tensor CCA — Wong et al.

2021 Deep probabilistic CCA — Karami et al.
2022 (y-DCCA - Lindenbaum et al.
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CCA is useful for clustering: correlated views reveal shared cluster structure.
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( Question: can we enhance cluster separation? )




Main idea: Permute samples within clusters

Within each pseudo-label cluster: keep x;, swap its pair in Y.

(xi,y;)) — (a’fi,yﬂ(i)), éﬂ(i)zéi.



Main idea: Permute samples within clusters

Within each pseudo-label cluster: keep x;, swap its pair in Y.

(zi, y;) (i, yﬂ‘(i))? Cr(i) = Ci-
view X view Y’
original pairs
1 @ ® U
2 @ ® Y2
3 @ ® Ys



Main idea: Permute samples within clusters

Within each pseudo-label cluster: keep x;, swap its pair in Y.

(@i y)) — (T Yrw)s Cr(i) = G-

view X view Y’

orgr
1 @ ® Y
2 @ e Y
z3 @ ® Y3
T4 @ ® Yy

Pairs change
CCA on the new matrices
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Synthetic permutation visualization

Input space: two noisy 3D modalities share cluster identity
View X: signal + nuisance y

View Y: signal + nuisance ¢

Input: two noisy 3D views share labels but have separate nuisance.

CCA output with increasing within-cluster permutatio

CCA 2
°
@

permutations/sample: 0
paired rows: 165
separation: 3.78

CCA1l

Result: within-cluster permutations add valid CCA pairs and improve separation.



Within cluster permutation: data and effect
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Within cluster permutation: data and effect
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Permutations add valid pairs and sharpen separation.

ccamia)



Theory: CCA links to Linear Discriminant Analysis (LDA)

Let the shared variable be the class label, 8; = 4;.
Linear Discriminant Analysis (LDA) maximizes between-class scatter
relative to within-class scatter:

wT Cyw
max —F~ . between vs. within class variance
w0 wl'C ,w
K
Cy= E ng(py — ) (g, — )T (between-class)
k=1

K
C, = Z (@i — py)(x; — pg)”  (within-class).



Theory: CCA links to Linear Discriminant Analysis (LDA)

Let the shared variable be the class label, 8; = 4;.

Linear Discriminant Analysis (LDA) maximizes between-class scatter

relative to within-class scatter:

wT Cyw

MmMaxX —7=_—=—— < between vs. within class variance

w+#0 wT C ,w

K
Cy :Z (i — pp) (s — )"

X = f(6,v)

nuisance

nuisance

(between-class)

(within-class).



Theory: CCA links to Linear Discriminant Analysis (LDA)

Let the shared variable be the class label, 8; = 4;.
Linear Discriminant Analysis (LDA) maximizes between-class scatter
relative to within-class scatter:

wT Cyw
max —F~ . between vs. within class variance
w0 wl'C ,w
K
Cy= E ng(py — ) (g, — )T (between-class)
k=1

K
C, = Z ' (@i — py)(x; — pg)”  (within-class).

class 2

nuisance



Theory: CCA links to Linear Discriminant Analysis (LDA)

Let the shared variable be the class label, 8; = 4;.
Linear Discriminant Analysis (LDA) maximizes between-class scatter
relative to within-class scatter:

wT Cyw
max —F~ . between vs. within class variance
w0 wl'C ,w
K
Cy= E ng(py — ) (g, — )T (between-class)
k=1

K
C, = Z (@i — py)(x; — pg)”  (within-class).

X = f(6,v)

nuisance

class 1
permute only CCA on
within_labels paired views

class 2

nuisance



Theory: CCA links to Linear Discriminant Analysis (LDA)

Let the shared variable be the class label, 8; = 4;.
Linear Discriminant Analysis (LDA) maximizes between-class scatter
relative to within-class scatter:

wT Cyw
max T~ . <— between vs. within class variance
w0 wl'C ,w
K
Cy= E ng(py — ) (g, — )T (between-class)
k=1

K
C, = Z ' (@i — py)(x; — pg)”  (within-class).

class 1
small C.y,

permute only CCA on o0o

within_labels paired views — s ?
class 2 LDA-like

nuisance geometry

Label-preserving pairs make CCA favor LDA-like separation.
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Theory: What pseudo-label noise costs

Clean label-preserving pairs give the LDA-like CCA operator; wrong
pseudo-labels add noise.
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ideal LDA/CCA operator pseudo-label errors add perturbation

C,: within-class covariance; C',: between-cluster covariance
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Theory: What pseudo-label noise costs

Clean label-preserving pairs give the LDA-like CCA operator; wrong
pseudo-labels add noise.

A=C'c, A=A+D
—_———— ———
ideal LDA/CCA operator pseudo-label errors add perturbation

C,: within-class covariance; C',: between-cluster covariance

Xi—Ai| <||[D|lz = smaller | D||2 means more stable CCA directions.

pseudo-label wrong within- larger less stable
mistakes cluster pairs [|D]|2 CCA directions
reliable mostly legal small || D||2
pseudo-labels permutations CCA ~ LDA

Message

The theorem says pseudo-label quality controls how far the learned CCA
representation drifts from the ideal supervised LDA representation.




COPER: COrrelation-based PERmutations

COPER is trained end-to-end: within-cluster permutations are sampled during
training and fed to the CCA objective.
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COPER: COrrelation-based PERmutations

COPER is trained end-to-end: within-cluster permutations are sampled during
training and fed to the CCA objective.
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Core mechanism
Reliable pseudo-labels define valid within-cluster permutations; CCA then learns

sharper clusters.




Creating Reliable Labels

Four steps for reliable pseudo-labels.
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Results

Nonlinear methods

Avg. ACC gain: +5.7

Method | METABRIC | Reuters | Caltech101-20 | VOC | Caltech5V-7 | RBGD | MNIST-USPS | CCV__ | MSRVCI | Scenels
ACC

DSMVC 40.60+3.8 46.37+4.4 30.33+24 57.82+5.0 79.24+9.5 39.77+3.6 70.06+10.3 179012 60.71+£152 | 34.30+29
CVCL | 426662 | 4506480 | 335014 | 36.88+3.1 | 785850 | 3LO4+18 | 99.38+0.01 | 2623+19 | 77.90+123 | 40.16+1.8
ICMVC | 32.12£1.16 | 38.18+£0.78 | 2654052 | 3694=1.29 | 60.97+2.37 | 3297123 | 99.29:+0.08 | 20.88+1.21 | 66.28+6.11 | 41.26=0.89
RMCNC | 3255130 | 37614150 | 36.73+1.38 | 30662148 | 56774298 | 33224185 | 7637413 | 21462069 | 3238+1.35 | 40.03:0.98
OPMC | 4125040 | 4750£0.65 | 48.25:195 | 6286+1.78 | 88514057 | 4196140 | 7231+0.24 | 2691:£0.44 | 88.00+1.10 | 4097£1.69
MVCAN | d832+1.28 | d5.44+2.81 | 45.56+1.67 | 17.85+0.35 | 75.63+0.14 | 21.93£049 | 8557+1.14 | 19.29:£0.80 | 42.95+1.14 | 3851185
AE 3892425 | 43.3544.0 | 4039£23 | 3666+2.69 | 5448432 | 32.16+1.6 | 3383436 | 1558206 | 56.76+38 | 33.59+23
DCCA-AE | 4530%28 | 4318128 | 4818534 | 4653127 | 35837530 | 325013 | 0210124 | 828200 | 596211 | 33.70£20
(-DCCA | 41.64+28 | 34444369 | 39242204 | 44d6+1.18 | 47.4622.38 | 2810174 | 99.5430.09 | 25.41+0.83 | 42.57+2.60 | 38.67+1.88
COPER | 49.13+32 | 535433 | 548339 | 64.6542.6 | 8281551 | 49.80-0.8 |  99.88+00 | 28.06+11 | 9257408 | 40.68+1.6
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OPMC 41.25+0.40 | 47.5040.65 48.25+1.95 62.86+1.78 | 88.51+0.57 | 41.96+1.40 72.31+0.24 26.91+0.44 | 88.00+1.10 | 40.97+1.69
MVCAN 48.32+1.28 | 454442381 45.56+1.67 17.85+0.35 | 75.63+0.14 | 21.93+0.49 85.57+1.14 19.294+0.80 | 42.95+1.14 | 38.51+1.85
AE 38.92425 43.35+4.0 40.39+2.3 36.66+2.69 | 54.48+32 32.16+1.6 33.83+3.6 15.58+0.6 56.76+3.8 | 33.5942.3
DCCA-AE 4539428 43.1842.8 48.18%£3.4 46.53+2.7 58.37£39 32.59+13 92.19+2.4 18.28£09 59.62+1.1 33.70+£2.0
#5-DCCA 41.644£28 34.4443.69 39.24+2.04 4446+1.18 | 4746+238 | 28.10£1.74 99.54+0.09 25.41+0.83 | 42.57+2.60 | 38.67+1.88
COPER | 49.13+32 | 5315433 54.83+39 64.65+2.6 | 8281+5.1 | 49.80+0.8 | 99.88+0.0 28.06+1.1 | 92.57+0.8 | 40.68+1.6

Linear methods

Avg. ACC gain: +1.4

Method METABRIC | Reuters | CaltechI0! voC Caltech5V-7 | RB SPS CCV MSRVCI [ Scenel5
ACC

Raw 3518229 37.16+5.9 42.98+3.1 52.41+7.3 73.54+6.3 43.15£1.8 69.78+6.3 16.25+£0.7 | 74.00£7.3 | 37.91+£09

PCA 3772414 | 42.56£29 41.47+3.4 43.66+£4.9 | 7426463 | 4264119 68.14£3.9 16.17£0.5 | 74.14£6.1 | 37.53x1.2

CCA 40.05£2.1 | 42.85+25 42.3443.1 53.144.1 7596452 | 4147422 80.1545.0 16.164£0.7 | 73.294+7.3 | 37.59+1.3

CCA w perm 40.6+1.6 43.16£1.7 43.08+3.8 | 53.52444 | 7744356 | 4429421 84.99+6.3 16.39+0.6 | 75.00+4.1 38.25+12
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DCCA-AE 4539428 43.1842.8 48.18%£3.4 46.53+2.7 58.37£39 32.59+13 92.19+2.4 18.28£09 59.62+1.1 33.70+£2.0
#5-DCCA 41.644£28 34.4443.69 39.24+2.04 4446+1.18 | 4746+238 | 28.10£1.74 99.54+0.09 25.41+0.83 | 42.57+2.60 | 38.67+1.88
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Linear methods

CCV RVC1 enel5
Raw 3518229 37.16+5.9 42.98+3.1 52.41+7.3 73.54+6.3 43.15£1.8 69.78+6.3 16.25+£0.7 | 74.00£7.3 | 37.91+£09
PCA 3772414 | 42.56£29 41.47+3.4 43.66+£4.9 | 7426463 | 4264119 68.14£3.9 16.17£0.5 | 74.14£6.1 | 37.53x1.2
CCA 40.05£2.1 | 42.85+25 42.3443.1 53.144.1 7596452 | 4147422 80.1545.0 16.164£0.7 | 73.294+7.3 | 37.59+1.3
CCA w perm 40.6+1.6 43.16£1.7 43.08+3.8 | 53.52444 | 7744356 | 4429421 84.99+6.3 16.39+0.6 | 75.00+4.1 38.25+12

Permutation gains: +7.2 ACC, +9.8 ARI, +7.0 NMI

Model ACC ARI NMI

COPER with linear 7 48.00+4.6 2222450  32.26%5.3
COPER w/0 Lo 79.71+3.3  64.46+4.4  70.76%4.1
COPER w/o permutations 85.33+7.5 74.80+10.2 79.87£72

COPER w/o multi-view agree. 86.29+7.7 76.10£10.6 80.81L£7.6
COPER 92.5740.8 B84.57x14  86.91L13




Conclusion

o Reliable pseudo-labels create valid
cross-view permutations.

@ Permuted CCA gives LDA-like
separation and improves multi-view
clustering.

o COPER is a leading end-to-end
multi-view / multimodal clustering
model.

GitHub code


https://github.com/LindenbaumLab/COPER

	Title
	Title
	Presentation

	anm1: 
	1.7: 
	1.6: 
	1.5: 
	1.4: 
	1.3: 
	1.2: 
	1.1: 
	1.0: 
	anm0: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


