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Abstract: In MIL (Multi-Instance Learning), data objects are hierarchically organized as bags containing multiple instances.
The well-known MIL embedding approach embeds each bag as a vector by selecting representative instances. However, most
existing methods ignore the hierarchical structure of bags, leading to the generated KIS (Key Instance Set) that contains
substantial outlier instances (the instances where bag labeling cannot be triggered). Additionally, KIS is not utilized to exclude
outliers in bags, which will impact embedding quality. To address these issues, we propose HKMIL (Hierarchical Key
Instance Selection for Multi - Instance Embedding Learning) algorithm with three technologies. First, HIS (Hierarchical

Instance Selection) uses subspace - and affinity - based updates to identify and refine KIS, generating new bags while
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considering instance density. Second, FVE (Fisher Vector Embedding) technique uses Gaussian mixture models to extract

key statistical information from the new bags, converting them into vectors to simplify the MIL problem. Third, ECT

(Ensemble Classification Technique) dynamically weights the information before and after KIS updates for improved bag label

predictions. Experiments on six MIL tasks show that HKMIL outperforms nine state-of-the-art algorithms, achieving superior

classification performance.
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Table 1 Performance of HKMIL with state-of-the-art algorithms on six types of MIL datasets

FCBE-

Dataset nXd Simple-MI MSK ELDB FV MILFM MILDM miVLAD StableMIL DPMIL HKMIL
mi
0. 800+ 0. 884+ 0.880+ 0.879+ 0.856+ 0.802+4 0.849+ 0. 840+ 0.828+ 0.911%+
Muskl 476 X166
0.016 0.013 0.018 0.021 0.008 0.033 0.011 0.017 0.018 0.012
_ 0.750+ 0.818+ 0.861+ 0.835+ 0.776+ 0.804+ 0.766+ 0.820+ 0.836+ 0.846+
Musk?2 6598 X 166
0.014 0.026 0.018 0.014 0.020 0.029 0.012 0.014 0.063 0.015
. 0. 852 0.842+ 0. 844+ 0.765+ 0.861+ 0. 8284 0.8174 0.852+ 0.7974 0.869+
Mutagenesis1 10486 X7 B
0.020 0.012 0.017 0.017 0.007 0.013 0.036 0.025 0.010 0.014
. 0.765+ 0.745+ 0.713%+ 0.800=+ 0.798+ 0.755+ 0.830+ 0.740+ 0.857+ 0.750+
Mutagenesis2 2132X7
0.030 0.020 0.028 0.010 0.032 0.026 0.010 0.014 0.011 0.032
X 0.618+ 0.627+ 0. 569+ 0.685+ 0.622+ 0.640+ 0.676+ 0.623+ 0.655+ 0.737%
Messidor 12352 X687 _ -
0. 008 0.009 0.015 0. 005 0.005 0.002 0.003 0.005 0.008 0.015
0.837+ 0.532+ 0.630+ 0.824+ 0.556+ 0.560+ 0. 800+ 0.552+ 0. 640+ 0.876%
Ucsb breast 2002 X708
0.043 0.027 0.076 0.027 0.023 0.022 0.018 0.010 0.010 0.027
0.825+ 0.781+ 0. 754+ 0.829+ 0.815+ 0.765+ 0.847+ 0.632+ 0.849+ 0. 866+
Elephant 1391230 N
0. 005 0.008 0.020 0.006 0.012 0.016 0.010 0.026 0.032 0.012
0.619+ 0.534+ 0. 588+ 0.590+ 0.608+ 0.542+ 0.633+ 0.597+ 0.623+ 0.642+
Fox 1320230
0.009 0.010 0.027 0.012 0.026 0.035 0.018 0.043 0.020 0.019
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Dataset nXd Simple-MI MSK ELDB TV MILFM MILDM miVLAD StableMIL DPMIL HKMIL
mi
R 0.811+ 0.767+ 0.674+ 0.785+ 0.763+ 0.690+ 0.849+ 0.657+ 0.788+ 0.796+
Tiger 1220230
0.012 0.014 0.027 0.013 0.013 0.014 0.007 0.021 0.020 0. 005
0.836+ 0.854+ 0. 846+ 0.826+ 0.526+ 0.546+ 0.840+ 0.526+ 0.845+ 0.842+
News. aa 5443200
0.008 0.008 0.018 0.010 0.079 0.071 0.023 0.040 0.021 0.012
_ 0.574+ 0.734+ 0.631+ 0.731+ 0.496+ 0.522+ 0.692+ 0.474+ 0.721+ 0.752%+
News. co 5175X200
0.036 0.009 0.031 0.011 0.022 0.043 0.016 0.040 0.021 0. 008
X 0.754+ 0.776+ 0.7814 0.799+ 0.576+ 0.566+ 0. 800+ 0.502+ 0.662+ 0.816%+
News. csi 4827200
0.008 0.005 0.020 0.014 0.032 0.066 0.016 0.055 0.005 0.010
0.778+ 0.832+ 0.764+ 0.721+ 0.528+ 0.434+ 0.780=+ 0.510+ 0. 846+ 0.752+
News. csm 4473200
0.008 0.004 0.039 0. 004 0.068 0.034 0.011 0.050 0.023 0.008
0.7104 0.840+ 0.796+4 0. 858+ 0.578+4 0. 5684 0. 822+ 0.5424 0. 8404 0.858%+
News. cw 3,110X 200
0.032 0.012 0.014 0.014 0.028 0.043 0.010 0.045 0.017 0.012
0.588+ 0.724+ 0.644+ 0.730+ 0.512+ 0.468+ 0.722+ 0.526+ 0.7214+ 0.748+
News. mf 5306 X 200
0.010 0.017 0. 024 0.019 0.023 0.027 0.019 0.067 0.012 0.008
0.754+ 0.768+ 0.715+ 0.787+ 0.524+ 0.518+ 0.816%= 0.520+ 0.714+ 0.796+
News. ra 3458200
0. 005 0.008 0.023 0.016 0.016 0.067 0.010 0.050 0.011 0.010
0.772+ 0.822+ 0.811+ 0.832+ 0.548+ 0.570+ 0. 828+ 0. 540+ 0.814+ 0.868+
News. rm 4730200
0.026 0.008 0.018 0.013 0.033 0.051 0.008 0.019 0.019 0.012
0.746+ 0.832+ 0.792+ 0.832+ 0.546+ 0.482+ 0.816+ 0.542+ 0.765+ 0.842+
News. rsb 3358200
0.010 0.009 0.033 0.010 0.034 0.034 0.010 0.031 0.011 0. 008
R 0. 808+ 0. 884+ 0.772+ 0.844+ 0.504+ 0.474+ 0.896+ 0.510+ 0.868+ 0.896+
News. rsh 1982200
0.010 0.010 0.032 0.015 0.005 0.059 0.010 0.048 0. 006 0.015
0.920+ 0.938+ 0.882+ 0.930+ 0.530+ 0.556+ 0.924+ 0.510+ 0.851+ 0.932+
News. se 3192200
0. 000 0.004 0.013 0.009 0. 000 0.020 0.005 0.036 0.004 0.008
_ 0.822+ 0.814+ 0.788+ 0.869+ 0.542+ 0.502+ 0.856+ 0.500+ 0.831+ 0.876%
News. ss 3655X 200
0. 004 0.005 0.018 0.013 0.017 0.028 0.012 0.014 0.013 0.022
0.616+ 0.742+ 0.664+ 0.757+ 0.526+ 0.472+ 0.774% 0.510+ 0.732+ 0.776%+
News. trm 4606 X 200 B
0.010 0.015 0.023 0.009 0.010 0.039 0.008 0.036 0. 045 0.008
Shanghai- 7616 X 2048 0.612+ 0.400+ 0.433+ 0.849+ 0.854+ 0.735+ 0.851+ 0.734+ 0.832+ 0.864+
016
Tech 0.025 0.038 0.070 0.065 0.007 0.011 0.070 0.050 0.036 0. 006
Average 0.748 0.769 0.737 0.796 0.613 0. 580 0.804 0.583 0. 780 0.818
Mean rank 5.9 4.4 6.1 3.9 7.5 8.6 3.5 8.7 4.53 2.17
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Table 2 Ablation study of HKMIL on six representative datasets
Number Update Ensemble Musk1 Musk2 Mutagenesisl ~ Mutagenesis2 News0. se News. ss
1 X X 0.88740.013 0.866%+0.005 0.854+0.025 0.70540.029 0.9264+0.016 0.87140.007
2 N, X 0.907+0.015 0.846-0.008 0.8614+0.018 0.71540.034 0.932£0.004 0.872--0.008
3 NG NG 0.911£0.012 0.846+0.015 0.8691+0.014 0.750+0.032 0.93210.008 0.876L0.022
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Fig.2 Parameter analysis of HKMIL on six representative datasets
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Fig. 3 Statistically significant of HKMIL with state-of-the-art algorithms
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Table 3 Time complexity and mean rank of different algorithms

Dataset (d.n,N) Simple-MT MSK ELDB :;:] MILFM MILDM  miVLAD  StableMIL  DPMIL HKMIL
Muskl (166,476,92) 0.111 4.975 3.697 5.777 5.072 3.937 1.023 7.405 0.330 9.253
Mutagenesisl  (7,2132,42) 0.089 11.342 994. 706 9.590 1231.717  1520.635 1.543 2147.020 0.623 26.911
Ucsb breast  (708,2002,58) 1.242 5.069 56.912 6.791 84.982 61.841 2.539 176. 339 1.648 16. 858
Elephant  (230,1320,200)  0.187 13.293 20.213 12.139 30.486 25.110 1.483 17.021 0.353 23.724
NewsO.aa  (200,3048,100)  0.154 6.170 272.508 12. 540 348. 883 312. 990 1.761 64.516 1.158 12.291
Time Complexity O(dN) 0(aN?) O(dN?) O(dN?) O(dN?) O(dN?) O(dN) O(dN) O(dN) 0(aN?)

Mean rank 1.0 4.8 6.6 5.4 8.8 8.0 3.0 8.4 2.0 7.0
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