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Motivation

Most of IMVC methods (1) only utilize observed unpaired samples to construct bipartite
similarity (2) employ a single quantity of prototypes to extract the information of all views.

» Miss out latent useful information from missing samples, resulting in the generated similarity not that accurate
& Lead to unbalanced cluster distribution and deteriorate the graph structure.

» Not competent to adequately characterize all views, accordingly weakening the view information diversity.

Our solution

» Transform partial bipartition learning under prototype orthogonality into the form containing original samples
by utilizing the data reconstruction concept to split out of observed similarity.

» Relax conventional non-negative constraints through a sample regularization skill to make the measure of
similarity freer.

» Introduce the learnable consensus graph which is shared for all views to provide unified structure.

» Built the connection between all view-specific bipartition similarities and the consensus graph.

» Gather the information from other views at the similarity level to assist imputing the incomplete parts of
similarity on each view.

» Associate a group of hybrid prototype quantities for each individual view so that it can flexibly exploit features

according to the characteristics of each view.



Motivation

Most of IMVC methods (1) choose to ignore the missing samples and only utilize observed
unpaired samples to construct bipartite similarity; (2) employ a single quantity of
prototypes to extract the information of all views.

» Miss out latent useful information from missing samples, resulting in the generated similarity not that accurate
& Lead to unbalanced cluster distribution and deteriorate the graph structure.

» Not competent to adequately characterize all views, accordingly weakening the view information diversity.

Our solution

» Transform partial bipartition learning under prototype orthogonality into the form containing original samples
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Figure 1: The overall framework of proposed SIIHPC. It firstly utilizes T-PBL to split out of observed
similarity and then conducts SLI based on the connection between CG and view-specific similarities.
Further, combined with IVHGP, it generates MSVSG to flexibly extract features on respective view.



Contributions

» Successfully impute incomplete parts at the similarity level. Not only does this alleviate the adverse
impacts caused by the unpairing of observed samples but also can take advantages of the potential useful
information of missing samples to help characterize the similarity more accurately.

» Successfully generate a group of hybrid prototype quantities for each individual view to flexibly extract
data features according to the characteristics of each view itself. The resulting graphs are with diverse
scales and besides balancing views, they are also able to more comprehensively describe the overall
similarity.

» Carefully designs an alternate solving scheme which decomposes the entire problem into four parts and
solves the sub-problem via an ingenious auxiliary function with theoretically proven monotonic-

increasing properties.



Methodology

Let matrices {D,, € R%*"}Y_, and vectors {r, € R"}}_, denote the overall data and indexes of
observed data respectively, then, the basic IMVC framework can be expressed as

Vv
win Y [D,W, — H, X, W, |5+ | X,|[7 st X]1=1,X,>0, (1)
Y ou=1

Rethinking (T)), its nature is to reconstruct D, using H, X, under given H,. Unlike the fixing
strategy, we firstly make prototype learnable and then introduce orthogonal constraint to strengthen its
discrimination, 1.e., H,IHqU = I. On this basis, we have HIDUWU = X, W,. Then, the observed
parts can be splited out through X, W, W = H! D, W W. . Notice that the item H_ D,, can be
regarded as the cosine similarity between H, and D, when all columns of D,, are unit vectors. Hence,
we choose to do normalization on D,, which expands the similarity range from [0, 1] to [—1, 1],

Subsequently, we introduce a consensus graph G to aggregate
information from different views, and impute the incomplete parts by utilizing H! D, W, W and

G.

Further, to avoid a single prototype quantity for all views, we provide a group of hybrid prototype
quantities {my,mo,--- ,ms,--- ,mg} for each view v to flexibly extract features according to
the characteristics of each view itself. Consequently, we have X?%SWUVV,;r = HISDUWUWI.
Besides, to adaptively adjust the importance between prototype quantities, we associate a learnable

weight, a, s, for each prototype quantity on each view.



Methodology

Let matrices {D,, € R%*"}Y_, and vectors {r, € R"}}_, denote the overall data and indexes of
observed data respectively, then, the basic IMVC framework can be expressed as

Vv
rﬁinz ID,W, — H, X, W, |% + A X, |7 st X/1=1,X, >0, (1)
Y ou=1

Rethinking (T)), its nature is to reconstruct D, using H, X, under given H,. Unlike the fixing
strategy, we firstly make prototype learnable and then introduce orthogonal constraint to strengthen its
discrimination, 1.e., H,I H, = I. On this basis, we have HI D, W, = X,W,. Then, the observed
parts can be splited out through X, W, W = H! D, W W. . Notice that the item H_ D,, can be
regarded as the cosine similarity between H, and D, when all columns of D,, are unit vectors. Hence,
we choose to do normalization on D,, which expands the similarity range from [0, 1] to [—1, 1],
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(2)
where H,, 5 € R%>*™s denotes the prototype matrix with the s-th quantity on view v. M, consists of
(M, ]; ; =1 when [hy,]; ==1 otherwise [M,]; ; =0, Vj=1,2,--- . n—n,i=1,2---,n.
h, = {z|z € T, and z ¢ T,} where T, = {1,2,--- ,n} and T, = {[ry]1,[rv]2, -, [Foln, }-
Q. s € R™+*™ is the imputation matrix with the s-th scale on view v. A € RV >S5 consists of Ay, s-




Methodology

Let matrices {D,, € R%*"}Y_, and vectors {r, € R"}}_, denote the overall data and indexes of
observed data respectively, then, the basic IMVC framework can be expressed as

Vv
n;éinz ID,W, — H, X, W, |% + A X, |7 st X/1=1,X, >0, (1)

v=1

Denote the function g(H, ;) = Tr(HlSEUHU,S +H, P, ). its derivative as Vg((H, )), the value
of H,  at the r-th iteration as (H, )", the singular value decomposition results of Vg((H, )") as
(Uy,s)" (Z0,5)" (V) . Then, we have the following two lemmas hold.

Theorem 1. For the function g, under any (H, ;)" and (H, )" = (U,,)" (V.5.,)". we have
g(H,, s ) is monotonically increasing.

Algorithm 1 The procedure of optimizing H, ; in (3). Algorithm 2 The procedure of solving the problem ().
Input: The matrices H, 5, Q,. s, G5, A, D,, W,, M,,. Input: Data matrix D, index vectors b,,, hyper-parameters A and 5, v =1,2,---, V.
Construct the function g(H, ). Construct indicator matrices W, and M,,.

while g((H,.)" ") — g((H,..)")/g((H,)") < le — 3 do
Compute the derivative function Vg ((H,s)").

l: 1: while (fop;(t) — fou(t + 1))/ for;(t) <= le — 4 do
2 2:  Optimize the variable H, ; by Algorithmm

3:  Generate the singular matrices (U, )" and (V)" 3:  Optimize the variable Q, , by solving (6.

4:  Assign (H, ) "' by (H,)"™ = (U,,)" (V,TS)’. 4 Optimize the variable G, by solving (7).

5 r=r+1 ' 5:  Optimize the variable A by (TI).

6: end while 6: end while

Output: The prototype matrices {H, . },2, ;. Output: The unified representation matrices {G,}5_;.




Experimental Performance

v" Clustering Results

Table 2: Clustering Results on Benchmark Datasets

BDGPFEA | NUSOBJECT
Method 30% | 50% \ 70% | 30% | 50% | 70%
ACC NMI  PUR | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR
LSIMVC | 2656 6.14 2656 2681 718 2681 2740 835 2807 | 21.70 903 3123 20181 8§43 3099 2057 743 3052
GSRIMC 39.84 14.22 39.96 38.30 13.15 36.78 34.41 11.22 34.17 23.03 8.34 32.73 2091 7.58 32.04 20.46 7.86 31.20
HCPIMSC | 3412 12.65 3636 3220 1241 3524 3316 1181 3458 | 21.56 638 2031 2133 893 3018 2287 807 298]
EEIMVC | 3570 14.47 3634 3323 1230 3605 31.02 10.37 33.64 | 2151 617 1351 21.07 897 1342 2013 814 1317
LRGRIMVC | 3471 12,58 3574 3143 912 3263 2725 480 2727 | 2143  7.25 30.17 22.62 7.83 3099 2173 816 30.15
IMVCCBG 40.05 15.01 40.17 38.10 11.49 36.76 3478 10.03 34.06 22.59 8.36 31.96 21.35 7.90 32.85 22.05 7.43 31.16
BGIMVSC 22.65 3.19 23.26 26.88 9.68 27.08 24.04 4,72 24.56 19.06 0.30 22.86 19.13 0.34 2291 19.06 0.31 22.86
OSLFIMVC | 3038 9.58 3647 31.84 912 3537 3168 880 3573 | 21.88 7.67 3234 20.68 691 3300 1841 463 2958
NGSPCGL | 2095 6.64 3113 2954 607 2080 27.15 570 27.64 | 23.09 7.83 3078 1997 462 2832 1747 222 2520
PIMVC | 3403 14.62 35090 3304 12.92 3354 3441 11.60 3541 | 2129 936 31.07 21.08 852 31.12 1044 7.89 31.36
PSIMVC 34.00 12.51 35.58 31.98 9.55 65 30.12 9.15 3245 19.65 8.25 29.11 20.09 891 30.21 22.07 7.91 30.35
SAGL 23.76 1.69 23.92 23.03 1.41 23.60 28.52 4,09 29.56 20.48 7.67 2746 20.39 6.91 26.16 18.39 6.63 26.47
HOLSCGL | 2980  7.12 3140 2428 312 2508 2825 431 2855 | 2193  7.54 3068 2159 7.79 3149 2028 781 3131
Ours 38.80 15.21 3997 40.31 13.88 40.31 35.04 11.54 37.30 23.30 9.14 32.87 2238 9.21 33.92 21.46 8.36 31.49
VGGFACEFIFTY ‘ VGGFACEHUND
LSIMVC | 845 1078 865 730 9.8 7.56 694 908  7.18
GSRIMC N/A N/A
HCPIMSC | 1033 1236 1214 1054 11.90 1085 10.85 923  10.16
EEIMVC | 605 1403 594 560 14.15 550 533 13.20 523 | 337 7.32 478 341 689 567 320 627 574
LRGRIMVC | 921 1323 11.37 1002 12.48 1145 015 11.58 12.56 N/A
IMVCCBG 12,13 14.25 13.11 11.52 13.29 12.40 10.80 12.35 11.66 B.12 14.23 8.92 7.52 13.25 B.25 6.80 12.20 7.06
BGIMVSC 6.49 9.83 6.83 7.34 9.45 7.19 6.76 9.85 7.19 N/A
OSLFIMVC | 850 879 896 698 670 7.58 601 509 660 | 554 959 597 462 754 505 360 581 408
NGSPCGL | 650 647 7.19 624 654 674 608 624 6.5 N/A
PIMVC 9.40 13.36 11.07 9.06 12.52 11.12 B.78 11.89 12.06 6.10 13.42 7.32 5.97 12.91 7.11 5.68 12.36 6.72
PSIMVC | 10.63 1250 1158 954 1133 1049 906 1045 992 | 6.17 11.04 671 528 1058 58 551 991  6.04
SAGL 8.25 9.33 9.75 6.54 9.65 6.75 5.84 9.65 8.86 5.84 10.54 6.36 4.85 10.13 4.74 3.84 9.32 4.54
HCLSCGL. 5.65 9.55 574 4.18 8.68 4.62 4.67 8.55 5.01 3.05 10.32 4.26 3.05 10.12 4.13 3.15 9.51 4.02
Ours 1252 1491 1344 1231 1448 1321 1LI8 1335 1196 | 826 14.94 913 7.55 1385 8.39 682 1269 7.55

v" Overhead Comparison

Table 3: Running Time and Memory Overhead Comparison

Method | BDGPFEA | NUSOBJECT | VGGFACEFIFTY | VGGFACEHUND | YOUTUBEFACE | FASHMINST
| Time | Memo | Time Memo | Time Memo | Time Memo | Time Memo | Time Memo
LSIMVC 0.03 0.32 0.13 2.42 0.55 15.18
GSRIMC 2.10 2.82 | 28.88  28.07 N/A N/A
HCPIMSC 2.79 1.93 43.33 17.25 | 741.45 104.84 N/A N/A
EEIMVC 0.02 0.80 0.33 5.06 2.99 30.97 238.01 98.84
LRGRIMVC 3.35 1.11 60.59 10.09 492.37 61.87 N/A
IMVCCBG 0.02 0.17 0.05 0.20 0.56 1.73 2.46 3.96 1.23 6.16 1.27 6.41
BGIMVSC 4.85 1.27 1576  8.75 132.67 135.70 N/A N/A N/A
OSLFIMVC 0.09 0.30 0.18 1.51 3.23 10.02 20.00 41.96 13.54 126.28 12.27 123.42
NGSPCGL 0.97 1.79 11.42  13.43 | 111.29 89.09 N/A N/A N/A
PIMVC 0.01 0.46 0.40 2.53 0.36 17.20 76.58
PSIMVC 0.02 0.16 0.04 0.15 0.40 1.62 5.22 1.57 6.42 1.95 6.41
SAGL 0.22 0.40 0.41 2.22 7.54 16.29 26.96 | 38.39 82.96 30.07  99.01
HCLSCGL 0.17 1.84 4.14 13.92 | 309.87 91.51 4838.55  133.20 N/A N/A
Ours 0.06 0.14 0.11 0.22 1.86 2.84 6.22 10.32 3.31 6.01 3.57 5.13




Ablation Study

v’ Similarity-level Imputation Ablation

Table 4: Similarity-level Imputation Effectiveness

AB | MR | BDGPFEA |  NUSOBJECT | VGGFACEFIFTY | VGGFACEHUND | YOUTUBEFACE |  FASHMINST
| | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR| ACC NMI PUR | ACC NMI PUR
NSLL | ., | 2815 383 3038|2260 729 3185|671 722 751 [ 483 993 553 | 4619 4095 5169|4699 3374 4941
SLI 3880 1521 3997 | 2330 9.14 3287 | 1252 1491 1344 | 826 1494 9.13 | 7629 8227 80.81 | 61.24 5952 62.69
NSLL | oo | 2974 397 3098|2109 620 3L10| 533 445 600 [ 373 669 426 |2607 1616 28.60 | 3785 2403 4085
SLI U 4031 1388 4031 | 2238 921 3392 | 1231 1448 1321 | 755 1385 839 | 72.60 79.60 77.65 | 62.51 6022 64.64
NSLI | ., | 2639 168 2680 | 1805 325 2786 | 501 376 564 | 312 498 356 | 1582 1540 1746|2515 926 2731
SLI 73504 1154 37.30 | 2146 836 3149 | 1118 1335 1196 | 682 1269 7.55 | 71.05 7919 76.75 | 60.59 5877 63.18

v’ Hybrid-group Prototype Quantity Ablation
Table 5: Hybrid-group Prototype Quantity Effectiveness

ag | wmr | PQ | BDGPFEA | NUSOBJECT | VGGFACEFIFTY | VGGFACEHUND | YOUTUBEFACE |  FASHMINST
| | | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR |ACC NMI PUR | ACC NMI PUR | ACC NMI PUR
m=1k |29.77 6.07 3045|1275 130 2303 | 948 1121 1045 | 515 1063 6.03 | 6528 7252 7051 |53.16 5670 35830
m=2k |[3446 979 3589 | 1393 208 2322|1042 1257 1123 | 567 1154 659 | 6974 7824 7529 | 5501 5894 5926
SPQ 30% m=3k | 2871 6.70 3060 | 15.15 3.64 2436 | 11.29 1335 12.06 | 6.41 1227 727 | 7068 80.63 76.57 | 53.50 58.61 57.34
“| m=dk | 3443 1146 3566 | 1688 4.56 27.12 | 11.18 1360 12.04 | 648 1280 7.36 | 6836 78.85 7442 | 56.94 5871 5840
m=5k |[3484 9.74 36.15 | 17.46 421 2717 | 1200 1403 1292 | 7.06 12.56 7.44 | 6981 76.88 75.33 | 56.12 55.80 59.85
HPQ m=ours | 38.80 1521 39.97 | 23.30 9.14 32.87 | 1252 1491 1344 | 826 1494 9.3 | 76.29 82.27 80.81 | 61.24 5952 62.69
m=1k | 2423 230 2518 | 1437 1.57 2479 | 9.20 1070 10.08 | 598 10.78 6.16 | 62.12 66.35 66.63 | 53.41 5605 54.69
m=2k |[3487 7.83 3487 | 1888 568 2975|1077 1281 1171 | 6.12 1131 632 | 6696 7415 7143|5097 5558 5441
SPQ 50% m=3k | 3459 896 3459 | 19.27 6.21 2956 | 11.17 1331 1193 | 6.61 11.68 6.76 [ 67.03 7399 72.04 | 55.62 5839 5725
“| m=4k | 3498 944 3574 2013 7.01 3080 | 1124 1351 1217 | 654 1174 668 | 7021 7723 74.64 | 5847 35869 5924
m=5k | 3425 922 36,55 | 19.04 6.01 3108 | 11.33 1325 1216 | 6.68 11.89 743 | 7053 76.28 75.53 | 61.01 5845 6283
HPQ m=ours | 40.31 13.88 4031 | 22.38 9.21 3392 | 1231 1448 13.21 | 7.55 13.85 839 | 72.60 79.60 77.65 | 62.51 60.22 64.64
m=1k |22.84 1.26 2378 | 12.34 1.26 2245 | 790 9.00 883 | 503 937 509 5953 6412 64.69 | 51.36 5232 5539
m=2k | 2848 4.64 2964 | 1492 255 2469 | 9.08 1091 10.00 | 584 10.37 596 | 60.57 70.46 66.26 | 52.86 55.75 57.26
SPQ 70% m=3k | 3049 7.02 3135|1537 337 2500 | 9.69 1177 10.50 | 5.84 1055 592 [ 6461 7448 70.66 | 55.76 57.80 60.05
“| m=4k | 3038 691 3276 | 1406 353 2558 | 1008 1213 1098 | 600 1069 603 | 6809 7677 7313 | 53.57 5662 5778
m=5k | 3190 7.67 3373 | 1693 398 2653 | 1053 1224 1135 | 6.06 10.54 634 | 69.58 7594 7329 | 52.69 5391 5757
HPQ m=ours | 35,04 11.54 3730 | 21.46 8.36 3149 | 11.18 1335 11.96 | 6.82 12.69 755 | 71.05 79.19 76.75 | 60.59 58.77 63.18




Convergence & Auxiliary Function Monotonicity
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Figure 2: The objective value of Algorithm 2Jon BDGPFEA, NUSOBJECT and VGGFACEFIFTY.
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Figure 3: The value change of function g when Algorithm [2]is at the 1-th iteration.
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Figure 4: The value change of function g on BDGPFEA.
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