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Abstract

Incomplete multi-view clustering aims to handle clustering problems where samples

are missing in some views. Incomplete multi-view spectral clustering with adaptive

graph learning (IMSC AGL) is a representative method in this field, which learns a

global consensus representation by jointly performing graph learning and spectral clus-

tering, and performs well on multiple datasets. However, this method only imposes an

orthogonal constraint on the consensus representation, making it difficult to ensure a

clear clustering structure and high discriminability; moreover, when views are missing,

noise in the cluster indicator matrices of individual views interferes with consensus

learning. To this end, this paper introduces a structured pairwise constraint term in-

to the IMSC AGL framework, encouraging the learning of a discriminative consensus

representation with a block-diagonal structure via auxiliary variables, and theoretical

analysis shows that this improvement does not incur additional high-order computa-

tional burden. Experiments on multiple incomplete multi-view datasets demonstrate

that the proposed method outperforms IMSC AGL and other comparison methods,

verifying the effectiveness of the improvement.
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�L§¥��Ø~~��Ü©Àãêâ"�§/¤Ø��õÀãêâ [5]§¦DÚàa�{J±�
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½§Ã{�yÆS���£L«��Û�`"

3d�µe§Wen�<JÑ
Incomplete multi-view spectral clustering with adaptive graph

learning(IMSC AGL)�{ [11]§ÄgòãÆS�ÌàaEâ�Ü�Ú��µe¥§^u)ûØ�
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2. �'ó�

2.1. Ìàa�{
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ß [12]"äN
ó§�½�¹n����êâ8§ÌàaÄk�E���K��qÝÝ
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�x
��m�ÛÜ��'X¶?
�ï.Ê.dãL£L = D−W½L = I−D−1/2WD−1/2¤

[13]§¿¦)Xe`z¯Kµ

min
FTF=I

Tr(FTLF) (1)

Ù¥D´é�
§é���W�1Ú§F ∈ Rn×c���3c�$Û�m¥�L«§Tr(·)�Ý
�,
$�"T¯K��þ´��A��©)¯K§Ù�`)�.Ê.dÝ
L éAcc���A���

A��þ [14]"

2.2. £�IMSC AGL�{

��ÑDÚÌàa�{3?nØ��õÀãêâ���kÛ�§�YZyÑÃõU?�{§

Ù¥IMSC AGL�{�ä�L5"T�{ÄgòãÆS�ÌàakÅ(Ü§�3ÆS��Ú��

�£L«"ÙØ%g´�µÄk§|^$�L«��Àã¥��"����Eã(�¶��?�

ÚÚ\"�¢ÚÝ
òÙ*Ð���ã¶,�§ÏLÌàa�å¼��Àã�àa�«Ý
§¿

�\�£�å±KÜ���Û�£L«¶��§éÙ�±K-meansàa§¼��ª(J"T�{�

`z�.Xe¤«µ

min
Z(v),E(v),F(v),U

V∑
v=1

‖Z(v)‖∗ + λ3(c− Tr(F(v)(F(v))TUUT ))+

λ1Tr((F
(v))T (G(v))TL(v)G(v)F(v)) + λ2‖E(v)‖1

s.t. Y(v) = Y(v)Z(v) + E(v),Z(v)1 = 1, 0 ≤ Z(v) ≤ 1,Z
(v)
ii = 0,

(F(v))TF(v) = I,UTU = I,

(2)

,
§IMSC AGL�{¥é�Û�£L«Ý
U=�\
���å§�Ó�Tr(F(v)F(v)TUUT )

�UÚ��Àã�àa�«Ý
F(v)�U� §%Ã{�yU��ä��ß�àa(�Úp�

þ��OUå"Ïd§=BU���Û�£L«§Ù�O5EwØv"d	§U��#`zpÝ�

6uF(v)§�êâ"�Ç�p�§F(v)¥Ø�;�/Ú\�õD(§?
Z6U�ÆSL§"Äu

þã©Û§�©éIMSC AGL�{?1U?§ÏLé�Û�£L«Ý
U�\�	�å§±OrÙ

�O5�°�5"

3. JÑ�{

éuØ��õÀãêâX = {X1,X2, . . . ,Xv}§òz�Àã�êây©�Xv = [Yv,Qv]§Ù

¥Yv�1v�Àã¥�"��êâ��§Qv�1v�Àã¥"��êâ��"
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��ÖIMSC AGL�{�3�Û�5§�©é�Û�£L«Ý
UÚ\¤é�å�§äN/ª

Xeµ

α‖UUT −M‖2F , s.t.‖Mi.‖22 = 1, 1 ≤ i ≤ n (3)

3�©IMSC AGL�{¥§U�`z´ÏL�Ý

∑V

v=1 λ3F
(v)F(v)T�cc���A��¤éA�

A��þ5�E�"
3Ú\þã¤é�å���§U�`z8IC��Ý


2αM +
V∑
v=1

λ3F
(v)F(v)T (4)

�cc���A��éA�A��þ"ÏLÚ\9ÏÝ
M§�.U
�\(¹/Or½³��©

àa(�§l
J,U��OUå"��'��´§M��#Ø�6uF(v)§Ïd3F(v)Ïp"�

Ç
¹k�þD(��¹e§ME��±�éO(§?
¦��ªÆS���Û�£L«Uäk

�r�°�5"

d	§éÚ\�9ÏÝ
M�\18�z�å‖Mi.‖22 = 1§�r¦UUTªCun��¬é

�(�§l
Ú��Û�£L«UÆS�ä�O5�àai\§?�ÚOr�.�àa5U"

ù�y��lÌãnØ�Ý
`zü�¡)º"ÌãnØe§n�àa�«Ý
UéA��

qÝÝ
UUT¥î�¬é�(�§aS�1!am�0§z1`2�ê�1¶éM�\18�z�

å‖Mi‖22 = 1§�duòÙ��3/a�«�qÝÝ
0��16/þ§��z‖UUT−M‖2F K°
ÄUUT%CT6/§Ø �é�¬Uþ"Ý
`ze§TCà��UTU = I�¤�OÝKµMÅ

18�zOraS!³�am�qÝ§UA�©)KÜ�Àã�O&E§�ö�O¦UUTÂñ

�¬é�(�"�M�#=�6UUT
�¹D�F(v)§�p"�ÇeEU­½Ú�U§Or°�

5"

ÏLþã©Û§�©�{��ª�.�Xe/ªµ

min
Z(v),E(v),F(v),U,M

V∑
v=1

‖Z(v)‖∗ + λ3(c− Tr(F(v)(F(v))TUUT ))+

λ1Tr((F
(v))T (G(v))TL(v)G(v)F(v)) + λ2‖E(v)‖1 + α‖UUT −M‖2F ,

s.t. Y(v) = Y(v)Z(v) + E(v),Z(v)1 = 1, 0 ≤ Z(v) ≤ 1,Z
(v)
ii = 0,

(F(v))TF(v) = I,UTU = I, ‖Mi.‖22 = 1, 1 ≤ i ≤ n

(5)

4. �.¦)

�©æ^ADMM�{ [15]éúª (5) ?1`z¦)§�{zZ(v)�¦)L§§·�Ú\
ü�
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9ÏCþW(v)�S(v) éZ(v)?1CþO�§Xe¤«µ

min
Z(v),E(v),F(v),U,M,S(v),W(v)

V∑
v=1

‖S(v)‖∗ + λ3(c− Tr(F(v)(F(v))TUUT ))+

λ1Tr((F
(v))T (G(v))TL

(v)
W G(v)F(v)) + λ2‖E(v)‖1 + α‖UUT −M‖2F ,

s.t. Y(v) = Y(v)Z(v) + E(v),Z(v) = S(v),Z(v) = W(v),W(v)1 = 1,

0 ≤W(v) ≤ 1,W
(v)
ii = 0, (F(v))TF(v) = I,UTU = I, ‖Mi.‖22 = 1, 1 ≤ i ≤ n

(6)

òÙ�¤O2.�KF¼êµ

L =
V∑
v=1

‖S(v)‖∗ − λ3Tr(F
(v)(F(v))TUUT )) + λ1Tr((F

(v))T (G(v))TL
(v)
W G(v)F(v))+

λ2‖E(v)‖1 + α‖UUT −M‖2F +
µ

2

V∑
v=1

(‖Z(v) − S(v) +
C1

µ
‖2F + ‖Z(v) −W(v) +

C2

µ
‖2F+

‖Y(v) −Y(v)Z(v) −E(v) +
C3

µ
‖2F )−

V∑
v=1

(ψ(v))T (W(v)1− 1),

(7)

Ù¥§C1§C2§C3�ψ
(v)�.�KF¦f§µ�.�KFëê"éu�`z�Cþ§�©æ^Å

Cþ`z�üÑ§=k�½Ù{Cþ§=�éÙ¥��Cþ?1�#`z"äN�`zL§Xe

¤«"

4.1. �#CþZ(v)

�½S(v)§W(v)§E(v)§F(v)§U§M§'uZ(v)�f¯K�±�¤±e/ªµ

min
Z(v)

µ

2
(‖Z(v) − S(v) +

C1

µ
‖2F + ‖Z(v) −W(v) +

C2

µ
‖2F+ ‖Y(v) −Y(v)Z(v) −E(v) +

C3

µ
‖2F ), (8)

éZ(v)¦ �¿-�ê�"=�¦�Ù)µ

Z(v) = (2I + (Y(v))TY(v))−1(G2 + G3 + (Y(v))TG1), (9)

Ù¥§G1 = Y(v) −E(v) + C3

µ
,G2 = S(v) − C1

µ
,G3 = W(v) − C2

µ
.

4.2. �#CþS(v)

�½Z(v)§W(v)§E(v)§F(v)§U§M§'uS(v)�f¯K�±�¤±e/ªµ

min
S(v)
‖S(v)‖∗ +

µ

2
‖Z(v) − S(v) +

C1

µ
‖2F , (10)

-A = Z(v) + C1

µ
§Kþã¯K�|^ÛÉ�K�£SVT¤Â �f [16] ¦�4ª)"
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4.3. �#CþW(v)

�½Z(v)§S(v)§E(v)§F(v)§U§M§'uW(v)�f¯K�±�¤±e/ªµ

min
W(v)

λ1Tr((F
(v))T (G(v))TL

(v)
W G(v)F(v)) +

µ

2
‖Z(v) −W(v) +

C2

µ
‖2F − (ψ(v))T (W(v)1− 1),

s.t. 0 ≤W(v) ≤ 1,W
(v)
ii = 0.

(11)

-Q1 = G(v)F(v),Q2 = Z(v) + C2

µ
§¿P[H]i,j = ‖[Q1]i. − [Q1]j.‖22§òþã¯KU1©)�Õ

áf¯K�§(Ü1Ú�å§�í�ÑW(v)�4ª)�µ

W
(v)
i,j =

0, j = i

[K]i,j +
(1−

∑
j 6=i[K]i,j)

nv−1 , j 6= i
(12)

Ù¥§[K]i,j = [Q2]i,j − λ1

2µ
[H]i,j .

4.4. �#CþE(v)

�½Z(v)§W(v)§S(v)§F(v)§U§M§'uE(v)�f¯K�±�¤±e/ªµ

min
E(v)

λ2‖E(v)‖1 +
µ

2
‖Y(v) −Y(v)Z(v) −E(v) +

C3

µ
‖2F , (13)

PP = Y(v) −Y(v)Z(v) + C3

µ
,τ = λ2

µ
§þã¯K=�IO�DÕ`z¯K [17]§�¦�4ª

)"

4.5. �#CþF(v)

�½Z(v)§W(v)§S(v)§E(v)§U§M§'uF(v)�f¯K�±�¤±e/ªµ

min
F(v)

− λ3Tr(F
(v)(F(v))TUUT )) + λ1Tr((F

(v))T (G(v))TL
(v)
W G(v)F(v))

s.t. (F(v))TF(v) = I,
(14)

-R = λ3UUT − λ1(G
(v))TL

(v)
W G(v), A^,��'5�§þã8I¼ê��d/L«�µ

max
F(v)

Tr((F(v))TRF(v)), (15)

df¯K��`)F(v) �ÏL�Ý
R �cc ���A��¤éA�A��þ��"
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4.6. �#CþU

�½Z(v)§W(v)§S(v)§E(v)§F(v)§M§'uU�f¯K�±�¤±e/ªµ

min
U

V∑
v=1

−λ3Tr(F
(v)(F(v))TUUT ) + α‖UUT −M‖2F

s.t. UTU = I,

(16)

ò���Ðm�,�/ª§¿(Ü,�5�òü�Ü¿"-T = 2αM +
∑V

v=1 λ3F
(v)(F(v))T§

Kþã8I¼ê��dL«�µ

max
U

Tr(UTTU), (17)

Ïd§U ��`)dÝ
T �cc ���A��éA�A��þ¤�¤"

4.7. �#CþM

�½Ù¦Cþ�§'uM�f¯K=�¹��§=

min
M

α‖UUT −M‖2F s.t.‖Mi.‖22 = 1, 1 ≤ i ≤ n, (18)

æ^Å��¦)�üÑ§¿(Ü�å^�§�í�Ñ[M]i,j�4ª)�µ

Mti,j =

√
[UUT ]2i,j∑
r[UUT ]2i,r

. (19)

3�g�#þã�Cþ��§?�Ú�#.�KF¦f9ëê§¿�ä�{´Ä÷vÂñ^

�"���`z¦)6§X�{1¤«"�{Âñ�§�â�ªÑÑ��Û�£L«Ý
U�

1K-meansàa§=�¼�êâ8�ª�y©(J"

4.8. E,5©Û

IMSC AGL�.�O�E,ÝÌ�5
uCþZ(v)�Ý
¦{!CþS(v)�ÛÉ�©)±

9CþF(v)ÚU�A��©)§Ù�NE,Ý�O
(
τ
(
kn3 + n3 +

∑k
v=1 n

3
v

))
§Ù¥τ �S�g

ê§k�Àãê§n���oê§nv�1v�Àã¥�"���ê"
·���.�#O
�

�α‖UUT −M‖2F§��9�CþM�U��#§éuCþU��#¿vkO\�	�p�O�

Kú¶éuCþM ��#§3¦)��IO�Ý
¦{UUT§O�E,Ý�O(n2c)§duàa

êc � n§TE,Ý�$uO(n3)§Ó��O\�	�p�O�Kú"nþ§�©U?�.�oO

�E,ÝE�O
(
τ
(
kn3 + n3 +

∑k
v=1 n

3
v

))
§��©�.�±3Ó�êþ?§ùL²¤JÑ�U?

3J,àa5U�Ó�¿�ã+O��Ç"
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5. ¢�

5.1. êâ8

�µ�¤J�{�5U§·�33�õÀãêâ8þmÐ¢�§¿3z�êâ8¥��ØÓ�

"�Ç§±�	Ùéàa�J�K�"¤Àêâ8©O�MSRCV1!ReutersÚYale§äN£ãX

eµ

(1) MSRCV1µTêâ8�¹6�Àã!7�aO§�210 ÜçÚã�§zÌã�J�õ«Ãó

A���ØÓÀã" (2) ReutersµTêâ8�¹5�Àã!6�aO§�600�#ª©�"5�Àã

©OéAÓ��#ª�=�!{�!��!¿�|�ÚÜ�ß���§�Àã�A��Ýþ�p"

(3) YaleµTêâ8�¹15�<!�165Ü<òã�§z�<éA11Üã�"�âØÓ1ì^�!L

�CzÚû�^�¤éA�A�§�ï
nÀãêâ8"

þãêâ8��[&E®ouL 1"��[ý¢|µ¥õÀãêâ�3"���¹§·�3�

��õÀãêâÄ:þ�EØ����§©O)¤"�Ç�10%!20%!30% Ú40%�Ø��õÀ

ãêâ"

Table 1. Statistics of the datasets

L 1. êâ8&EÚO

êâ8 Àãê aOê ��ê ��Àã�A��Ý

MSRCV1 6 7 210 1302 / 48 / 512 / 100 / 256 / 210
Reuters 5 6 600 21531 / 24892 / 34251 / 15506 / 11547

Yale 3 15 165 4096 / 3304 / 6750
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5.2. é'�{

·�À��7«é'�{§äN0�Xeµ

(1) BSV [18]: ÏLòz�Àã¥"����þ�W¿�?n§��Õá/é¤kÀã�

1K-means àa§¿�w�Zàa(J"(2) Concat [10]: �BSV�{aq§T�{é"����

?n�ªÓ�´æ^þ�W¿§��ò¤kÀãë�¤�����ü�Àã§,��1K-meansà

a5¼�àa(J"(3) DAIMC [8]: T�{Äu\���KÝ
©)µe§|^��éà&E�

¤kÀãÆSÚ��d3L«§Ó�ïá�£ÄÝ
±³�"����Z6"(4) PIC [19]: T�{

|^Ý
Ö�Eâ­����qÝÝ
§òêâ"�¯K[£��qÝ�¡§Ó�lnØþïá


6Äºx.�õÀãKÜ�þ�m�'é§¿±d��â���Àã�KÜüÑ"(5) IMG [10]:

ÏLòêâÝK������Û�m§¼����êâL«¶Ó�Ú\ã.Ê.d�§3Ø��

��m�ïªÀã�(�z'é"(6) GPMVC [9]: T�{±�KÝ
©)�Ä:§ò�k�VÀ

ãPVC�{*Ð�õÀã|µ§¿ÏLÚ\ÀãA½�ã.Ê.d�Kz5�3�ÀãSÜ�ê

âAÛ(�"(7) IMSC AGL [11]: |^$�L«�z�Àã��"����ïã(�¿òÙÿÐ

�CX�Ü�����ã§��ÏLÌ�å¼��Àã�$�L«§¿Ú\�Ó�Kz�ÆS¤

kÀã�ú���L«"

�©æ^n�µd�I5µ����{�àa5U§©O�O(Ç(ACC)§8�zp&

E(NMI)Úð£Ç(Recall) [20]"d	§��yú²5§éuÓ��êâ8§·�3z«"�Çe

é¤k��{þ�½�Ó�Ð©¥%?1O�§ÚO��êâ83"�Ç�10%§20%§30%§

40%�����I�§¿O��N"��þ����?1é'©Û"

5.3. ¢�(J9©Û

L 2∼4 Ð«
MSRCV1§Yale�Reutersùn�êâ83"�Ç�10%§20%§30%�40%�

�¹e���I��Nþ����§Ù¥\o��¤k�{3�c�Ie��`�§\ey�

���¤k�{3�c�Ie�g`�"ã 1£ã
n�êâ8þ¤k�{3ØÓ"�ÇeéA

�ACC�Cz�¹"

Table 2. Overall mean and variance of ACC for each algorithm on three datasets under four missing rates

L 2. ��{3n�êâ8þuo«"�Çe�ACCoNþ����

�{ MSRCV1 Yale Reuters

BSV 0.642857(±0.003159) 0.601515(±0.006988) 0.419583(±0.017175)
Concat 0.680952(±0.005941) 0.459091(±0.00356) 0.36875(±0.032369)
DAIMC 0.805952(±0.001729) 0.65(±0.000474) 0.388333(±0.004924)

PIC 0.85(±0.00158) 0.739394(±0.001053) 0.43(±0.0036)

IMSC AGL 0.898810(±0.000565) 0.65(±0.027141) 0.497917(±0.001075)

IMG 0.629762(±0.013717) 0.556061(±0.009021) 0.496667(±0.000346)
GPMVC 0.759524(±0.002094) 0.612121(±0.005265) 0.229167(±0.000019)

Ours 0.933333(±0.000257) 0.746970(±0.000548) 0.60375(±0.000147)
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Table 3. Overall mean and variance of NMI for each algorithm on three datasets under four missing rates

L 3. ��{3n�êâ8þuo«"�Çe�NMIoNþ����

�{ MSRCV1 Yale Reuters

BSV 0.534083(±0.008308) 0.587830(±0.005128) 0.229438(±0.014243)
Concat 0.577520(±0.009979) 0.453324(±0.002892) 0.187481(±0.025948)
DAIMC 0.701844(±0.001803) 0.656068(±0.000842) 0.205016(±0.00406)

PIC 0.758608(±0.002083) 0.717877(±0.000283) 0.485740(±0.006546)
IMSC AGL 0.815480(±0.000974) 0.664139(±0.014665) 0.317402(±0.001002)

IMG 0.493688(±0.00908) 0.590965(±0.004748) 0.315065(±0.000513)
GPMVC 0.669176(±0.00099) 0.627524(±0.00207) 0.019113(±0.000013)

Ours 0.866860(±0.001049) 0.716059(±0.000656) 0.393718(±0.00042)

Table 4. Overall mean and variance of Recall for each algorithm on three datasets under four missing rates

L 4. ��{3n�êâ8þuo«"�Çe�RecalloNþ����

�{ MSRCV1 Yale Reuters

BSV 0.450689(±0.012294) 0.275527(±0.014414) 0.259024(±0.004387)
Concat 0.482162(±0.016718) 0.140321(±0.001172) 0.254383(±0.010219)
DAIMC 0.653082(±0.004006) 0.440551(±0.000929) 0.251005(±0.001326)

PIC 0.735514(±0.002546) 0.519161(±0.001266) 0.470762(±0.006638)

IMSC AGL 0.800491(±0.001802) 0.447115(±0.020326) 0.335789(±0.00055)

IMG 0.475839(±0.009412) 0.348990(±0.006997) 0.310492(±0.000085)
GPMVC 0.611885(±0.001287) 0.395676(±0.003607) 0.169735(±0.000004)

Ours 0.865496(±0.00091) 0.533594(±0.000768) 0.417817(±0.000033)

lL 2�±wÑ§�©U?�{3n�êâ8þ�ACCoNþ����þwÍ`uÙ¦é'�

{§¿©�y
Ú\¤é�å��k�5"g`(J�õdIMSC AGL�{��§L²ÙòãÆ

S�Ì�å�KÜ�Ä�µe´Ün�k��"dL 3 �L 4��§�©U?�{3n�êâ8þ

�NMI �RecalloNþ����½�N`ué'�{§¦+�O�`�dPIC�{¼�"PICÓ�

æ^Ö�üÑ�ïCX�����qÝÝ
§ùlý¡<y
�©¤æ^��{µe3?nØ�

�õÀãêâ�äk�Ð�·^5�k�5"

lã 1�±*	�§�©U?�{3��"�Çe�àaO(5�N`uÙ¦é'�{"=¦

3"�Çp�40%��¹e§ÙO(5P~§ÝE�é��§L²T�{äkûÐ�­½5"

5.4. ëê¯a5©Û

éu�.¥���ëê���§�©æ�XeüÑµk�½ÿÀ�8Ü{10−5, 10−4, . . . , 104,

105}"3�½λ1, λ2��¹e§éλ3, αæ^þãÿÀ8¥�ØÓëê|Ü*	àa�J§(½λ3, α

��Z|Ü¶���½λ3, α§éλ1, λ2æ^Ó��ª¼�"Ó�ò�©Ú\�¤é�å�éA�ë

ê�¯a5©Û?1�Àz§(JXã 2¤«"lã¥�±ëê§ëêα3[100, 105) ���S�{

�O(Ç�Ð§cÙ´3�100NC��J�Z"
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Figure 1. Variation curves of ACC for each algorithm on three datasets under different missing rates

ã 1. ��{3n�êâ8þØÓ"�Çe�ACC�Cz­�

Figure 2. Sensitivity analysis of parameter α on the MSRCV1
dataset with 10% missing rate

ã 2. 3MSRCV1"�Ç�10%êâ8þëê¯a5©Û

5.5. Âñ5©Û�$1�m

�&Ä�{�Âñ�¹�$1�m§·�3MSRCV1êâ8þ"�Ç�10%��¹e?1


¢�§ÏLO�stopc�5�ä�{�Âñ5§Ù¥stopc��O��ª�µ

stopc = max {‖Yv −YvZv −Ev‖∞ , ‖Zv − Sv‖∞ , ‖Zv −Wv‖∞ , ‖Wv1− 1‖∞} . (20)

lã 3¥�±*	�§�{3S�0�50g�stopc�eüÌÝ��§3S�100�m�Âñ¿

ªu­½"d	§ÏLnØ)º`²
U?�{¿�O\�	�O�Kú§��yù�:§·�

'�
�©�IMSC AGL�{�U?�{S��g¤I���m¤�§Ù(JXL 3¤«§�±w

Ñ§üöügS��m�©�C§l
�y
þãnØ©Û��(5"
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Figure 3. Convergence on the MSRCV1 dataset with 10% missing rate and comparison of running time of each
algorithm

ã 3. 3MSRCV1"�Ç�10%êâ8þ�Âñ5�¹���{$1�mé'

5.6. �K¢�

�&Ä�©3�©IMSC AGL�{Ä:þ#O�(�z¤é�å�´ÄkÏuJ,àa5U§

·�3MSRCV1êâ8þ�O
�A��K¢�"lL 5�±wÑ§3Ú\¤é�å��§U?�

{3MSRCV1êâ8þo«"�Çe��µd�Iþ��©�{k²wJ,§l
�y
T�å

�3Or�Û�£L«�O5�¡�k�5"

Table 5. Comparison of ablation experiment results on the MSRCV1 dataset

L 5. 3MSRCV1êâ8þ�K¢�(Jé'

"�Ç
IMSCAGL Ours

ACC NMI Recall ACC NMI Recall

10% 0.919048 0.838574 0.834461 0.952381 0.902968 0.901565
20% 0.914286 0.839151 0.830844 0.938095 0.875885 0.875448
30% 0.895238 0.811273 0.793457 0.928571 0.863591 0.854133
40% 0.866667 0.772924 0.743201 0.914286 0.824997 0.830839

6. o(

�©�éØ��õÀãàa¯K§3IMSC AGL�{�Ä:þJÑ
�«U?�."ÏLé

�Û�£L«Ý
Ú\(�z¤é�å�§¿/Ï9ÏCþÆSäk¬é�(���O5�£L

«§k��Ö
�©�{¥�£L«�OUåØv�¯K"Ó�§¤Ú\�9ÏCþ3`zL§

¥Ø�6u�Àã�àa�«Ý
§¦��.3�3"�Ç�|µeEU�±��O(�Ú�§

wÍOr
�{�°�5"nØ©ÛL²§�©U?�Ú\�	�p�O�Kú"3õ�Ø��

õÀãêâ8þ�¢��y
¤J�{3àa5Uþ�`�5§��uIMSC AGL9Ù¦é'�

{þ��
wÍ�5UJ,"
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