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Motivation

Current Incomplete multi-view clustering methods suffer from three limitations: (1) intense time
and/or space overheads; (2) intractable hyper-parameters; (3) non-zero variance results.

» Not suitable for large-scale clustering tasks.
» Not scalable to other scenarios.

» Not stable data grouping effect.

Our solution

» Instead of self-expression affinity, we manage to construct prototype-sample affinity for incomplete data so as to
decrease the memory requirements.

» To eliminate hyper-parameters, besides mining complementary features among views by view-wise prototypes,
we also attempt to devise cross-view prototypes to capture consensus features for jointly forming worth-having
clustering representation.

» To avoid the variance, we successfully unify representation learning and clustering operation, and directly

optimize the discrete cluster indicators from incomplete data.



Framework

>

We learn the prototypes for each incomplete view, and build prototype-sample affinity with small size,
thereby decreasing the complexity. We also skip the fusion stage by directly gathering all prototype
information using one aggregation matrix.

We introduce two types of prototypes for incomplete data to jointly explore multi-view features so as to
form high-quality clustering representation without the help of hyper-parameters.

We integrate representation learning and clustering operation together, and directly optimize the discrete
labels from incomplete data, which not only well preserves the original diversity of samples but also
generates stable results, decreasing the fuzziness.

We give two equivalent solutions from perspectives of feasible region partitioning and objective

transformation.
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Figure 1. Framework of ToRES. It builds prototype-sample affinity with small size for incomplete views, and also does not involve the
fusion stage like in Eq. (2). All prototype information is gathered via one aggregation matrix. To form desirable representation under
without the help of hyper-parameters, it designs two types of prototypes, view-wise and cross-view, to jointly explore multi-view data
features. To output stable results, it concurrently learns representation and performs clustering, and optimizes the cluster labels directly.
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Methodology

® Objective function ® Scheme 1: Feasible region partitioning
M
i D,,W,, — EOLW,, || - :
Gm,éflcl)f,lL,Em Z |G D W, O m”F Algorithm 1 Scheme 1 for solving Eq. (4)
m=1 Inpur GTTM E’ L5 E’rn’ DTI’L’ W’r’)’L'
+ [ Dy W, — Ep, OLW,,, |3, Output: O.
t t A BTTL? me
st. GnGl =1,,0T0 =1, Construct Arm, Brn, C
. _ 1: forj =1tocdo
L ¢ {071} aHL:,jH1 — 17] € {1,27...771,}7 2: Update O;’j by Eq. (8)
3: end for
® Proposed algorithm ToRES ® Scheme 2: Objective transformation
Algorithm 3 ToRES - :
Input: Original data {D,,, }}7_,, index vectors {w,, }M_,. Algorithm 2 Scheme 2 for solving Eq. (4)

Output: Discrete cluster label matrix L. Input: Gy, B, L, B, D, Wi,

cee e Output: O.
Initialize: .0’.L’ G E.’ En. M Construct the function f(O).
Construct indicator matrices {W, }_;. =1

I: repeat I: repeat

2:  Update O by Algorithm 1 or Algorithm 2. 2. Caleulate V£(O,)
Update L by Eq. (14). 3:  Perform SVD on V f(O;) to generate U; and V.
Update G,,, by Eq. (16). 4 Opq = U¢V;r.
Update E by Eq. (19). 5 t=t+l.
6:

Update E,,, by Eq. (21). until |O; — O;_1||/]|O¢ 1] < e — 5.
until convergent
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Experimental Performance

v’ Equivalence of two schemes
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Dataset Algorithm NoHp 20% el 60%
ACC NMI Purity ACC NMI Purity ACC NMI Purity
IMSC-AGL 3 \ \ \ \ \ \ \ \ \
AWP 0 825000 9374000 9294000 | 8.71£0.00 9.14£0.00 10.00£0.00 | 8.25£000 881000 9.15+£0.00
APMC 2 \ \ \ \ \ \ \ \
IMG 3 \ \ A \ A \ \ \ \
TMBSD 2 \ \ \ \ A \ \ \ \
IKMKC 2 \ \ \ \ \ \ \ \ \
IMVTSC-MVI 3 \ \ A \ A \ \ \ \
CPM-Nets 1 \ \ \ \ \ \ \ \ \
LSIMVC 4 \ \ \ \ \ \ \ \ \
- GSRIMC 3 \ \ \ \ \ \ \ \ \
ﬁ COMPLETER 3 700094 7624031  7.73x0.11 | 6632022 741+049 7.71+038 | 6.93£096 795090 7.99+049
E TCIMC 3 \ \ A \ A \ \ \ \
LRGR-IMVC 2 \ \ \ \ \ \ \ \ \
BGIMVSC 2 \ \ \ \ \ \ \ \ \
NGSP-CGL 3 646019  6.00£031 7244026 | 5.904£0.19 5224031 6724024 | 5.70£0.17 5064027 6.65+0.19
PIMVC 2 \ \ \ \ \ \ \ \ \
Prolmp 2 773009 9674023  9.86+055 | 7404£027 9.04+004 954+0.16 | 7.09+068 8354079 9.07+0.06
HCP-IMSC 2 \ \ \ \ \ \ \ \ \
APADC 2 492000 3.05£076 5.82+009 | 4.72+£021 3024053 591+043 | 4.52+£058 281046 5541045
HCLS-CGL 2 \ \ \ \ \ \ \ \ \
Ours-1 0 896+000 11.17+£0.00 10294000 [ 8724000 10.62+0.00 1043+0.00 | 8.62+0.00 1033000 1021+£0.00
Ours-2 0 896000 11.17+0.00 1029+0.00 | 8724000 10.624+0.00 10434000 [ 8.62+000 1033£0.00 1021+0.00
g | All Compared \ \ \ \ \ \ \ \ \
=] Algorithms
5 Ours-1 0 | 47182000 44274000 48271000 | 43.23£0.00 44574000 44294000 [ 45224000 4545£0.00 48524000
Ours-2 0 47182000 4427+0.00 48274000 [ 43.23£0.00 44.5720.00 4429+0.00 | 452240.00 45452000 4852+0.00




Experimental Performance

v Memory Overhead
y Table 4. Memory Overhead Comparison (GB).

Methods |Webkb Wikifea AWA10 SUNRGB-D AwAfea EMNIST

IMSC-AGL | 0.29 159  13.86 18.70 \ \
AWP 0.21 1.30 11.09 18.18 94.46 \
APMC 0.09 0.23 \ 3.75 \ \
IMG 0.16 0.69 \ 10.48 \ \
TMBSD 0.33 1.88 2277 26.82 \ \
IKMKC 0.17 1.49 10.05 20.71 \ \
IMVTSC-MVI 0.27 1.57 20.78 23.04 \ \
LSIMVC 0.13 0.48 5.34 6.60 \ \
GSRIMC 0.30 2.52 29.81 3391 \ \
TCIMC 049 292 3318 \ \ \
LRGRIMVC | 020 109 1134 15.92 \ \
BGIMVSC 0.17 0.92 8.88 20.13 \ \
NGSP-CGL 0.26 1.95 14.24 27.58 126.71 \
PIMVC 0.44 0.62 4.19 7.40 \ \
HCP-IMSC 0.35 1.61 19.59 24.03 \ \
HCLS-CGL | 020 200 1392 27.22 \ \
Ours 0.22 0.20 2.36 3.68 11.58 26.34
v Running Time : d :
: Al b,
(a) Webkb (b) Wikifea (c) AWAL0
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Ablation Study, Convergence

Ablation for two types of prototypes:

Convergence :

Table 5. Ablation Study for View-wise and Cross-view Prototypes X o
b | Ablation | 20% | 40% \ 60% kala el
ataset
| Study | ACC NMI Purity | ACC NMI Purity | ACC NMI Purity » 082 w
Cvp 64.99  1.90 78.12 | 64.99 166 78.12 | 69.17 1.81 7812 § ) § 1615
‘Webkb VWP 51.19 350 7812 | 51.95 272 78.12 | 5690 294 7812 o 181
Ours 86.20 32.61 86.20 | 8535 31.95 8535 |73.83 411 7812 om0 S~ %‘“v-.;, -
——— 1.608 o8-5-5-o
CVpP 5447 4691 5778 | 47.87 4179 50.45 | 4225 3482 4588 Tt —e_|
Wikifea VWP | 5251 4618 57.50 | 48.89 40.09 5131 | 44.80 33.04 4619 sy P e
Ours | 5628 47.90 58.86 | 48.95 4167 5174 | 44.17 3563 47.07 lteration lteration ' Iteration
Cvp 1651 284 2153 | 1563 259 21.04 | 1455 200 2055 (a) Webkb (b) Wikifea (c) AWAL0
AWAI10 VWP 16.70  1.84  20.11 | 17.05 152 20.09 | 1646 1.04 20.14
Ours 28.88 13.25 30.60 | 26.37 1231 27.76 | 24.63 941 26.16 230 10 220
Cvp 1552 19.00 31.68 | 13.72 17.51 30.27 | 1241 15.67 28.15 5220
SUNRGB-D VWP 1540 598 1623 | 13.50 401 1411 | 1252 357 1311 sz 82
Ours 2093 2573 37.16 | 19.82 2387 3594 | 19.75 2098 3231 o
CVP | 668 688 799 | 641 627 798 | 580 553 730 8 s @
AwAfea VWP 4.23 1.44 4.34 438 142 4.63 4.20 1.36 432 ™ =
Ours 89 11.17 1029 | 872 10.62 10.43 | 8.62 1033 10.21 120
9%“""&%9
Cvp 37.15 2468 3940 | 31.30 20.86 33.81 | 30.66 18.16 3417 5160 ey
EMNIST VWP 1331 276 1331 | 1691 592 1691 | 1650 536 16.60 5150 fo8
Ours | 4718 44.27 48.27 | 43.23 44.57 44.29 | 4522 4545 4852 : o “ “ powoE B Eomomee pomon 2w
Iteration Iteration Iteration
(d) SUNRGB-D (e) AwAfea (f) EMNIST
Ablation for cluster indicator optimization:
Table 6. Clustering Result Comparison Between Two-step Strategy and Ours.
| Ablation | 20% | 40% | 60%
Dataset Stud
Y acc NMI Purity Time | ACC NMI Purity Time | ACC NMI Purity Time
Webkp | TWo-step | 78.50+£0.00 18.37£0.00 78.50+0.00 11.68 | 71.55+0.00 7.92+0.00 78.12+000 1178 | 70.50£0.00 6.78£0.00 78.12£0.00  11.83
Ours 86.20+£0.00 32.61+0.00 86.20£0.00 3.37 | 85.350.00 31.95+0.00 85.35+0.00 343 | 73.83+£0.00 4.11+0.00 78.12+£0.00 3.39
Wiki Two-step | 52.75£1.61 4546088 56.90x1.42 5330 | 48.60£2.60 38.75£1.76 53.31+£2.39 5472 | 43.7422.19 31.15£093 47.86:1.85 46.93
Ours | 56.2820.00 47.90:0.00 58.86:0.00 136 | 48.95:0.00 41.67:0.00 51.74£0.00 136 | 44.17£0.00 35.63:0.00 47.07£0.00 1.44
AWALQ | Two-step | 2597£1.03 10442035 29.094£058 6622 | 24274£0.92  9.724047 28024076 7143 | 21.93£0.80  9.27+£0.35 25414050  71.69
Ours 28.88+0.00 13.25+0.00 30.60=0.00 17.57 | 26.37+0.00 12.31+0.00 27.76x0.00 29.19 | 24.63+0.00 9.41+0.00 26.16+0.00 31.86
SUNRGBD | TWostep | 17474056 22304024 3586041 51695 | 16774040 19854021 33.04£031 48163 | 16964042 18384021 31.51+032 51187
Ours 20.93£0.00 25.73+0.00 37.16:0.00 46.13 | 19.82+0.00 23.87+£0.00 35.94:+0.00 76.13 | 19.75+0.00 20.98+0.00 32.31+0.00 76.62
AwAR Two-step | 8.94+0.14 10.09+0.19 10.39+0.19 803.32 | 8.85+0.08 10.01+0.11 11.06+0.10 768.91 | 8.61+0.27  9.54+0.26 10.50+0.28 728.40
wiled Ours 8.96+0.00 11.17+0.00 10.29+0.00 238.92 | 8.72+0.00 10.62+0.00 10.43+0.00 230.98 | 8.62+0.00 10.33+0.00 10.21+0.00 234.21
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