
Unlocking a New 
Capacity in Machine 
Learning



•

–

–

–



•

•



•

•

•

•

•

•

•



•

•

•

–

•

–



•





•

–

–



•

•



•

–

–

→

•

–

–

–





→ → → → → → → → → → → → → → → →





•

–

•



•



•



•

• Saliency Features: 

•



•



•







✓

•

•



▪

▪

▪

▪

▪



▪

▪

▪



function Mdl=NaivePrototype(X_train,y_train)

set = 1:size(X_train,2);

subsets = cell(1, length(set));

for i = 1:length(set)

subsets{i} = nchoosek(set, i);

end

idn=find(y_train==0);

idp=find(y_train==1);

k=0;

for i=1:numel(subsets)

for j=1:size(subsets{i},1)

sfids=subsets{i}(j,:);

for s=1:size(X_train,1)

curr_y=y_train(s);

if curr_y==0

nn_neg=knnsearch(X_train(idn,sfids),X_train(s,sfids),'K',2);

nn_neg=nn_neg(end);

nn_neg=idn(nn_neg);

nn_pos=knnsearch(X_train(idp,sfids),X_train(s,sfids),'K',1);

nn_pos=idp(nn_pos);

else

nn_neg=knnsearch(X_train(idn,sfids),X_train(s,sfids),'K',1);

nn_neg=idn(nn_neg);

nn_pos=knnsearch(X_train(idp,sfids),X_train(s,sfids),'K',2);

nn_pos=nn_pos(end);

nn_pos=idp(nn_pos);

end

yt=y_train([nn_neg,nn_pos]);

yhat=yt(knnsearch(X_train([nn_neg,nn_pos],sfids),X_train(:,sfids),'K',1));

k=k+1;

err(k) = sum(yhat~=y_train)/numel(y_train);

svs(k,1)=nn_neg;

svs(k,2)=nn_pos;

nn_features{k}=sfids;

end

end

end

[minerr,bestk]=min(err);

Mdl.PrototypeSampleIDs=svs(bestk,1:2);

Mdl.PrototypeFeatureIDs=nn_features{bestk};

Mdl.Error=minerr;

Mdl.Subsets=subsets;

Mdl.L=0;

Mdl.MX=X_train(Mdl.PrototypeSampleIDs,Mdl.PrototypeFeatureIDs);

Mdl.My=y_train(svs(bestk,1:2));

clear

load fisheriris

y=grp2idx(species)-1;

X=meas;

ids=find(y==0|y==1);

y=y(ids);

X=X(ids,:);

[N,M]=size(X);

rng(42);

indices = randperm(N);

numTestSamples = round(0.2 * N);

trainIdx = indices(numTestSamples+1:end);

testIdx = indices(1:numTestSamples);

X_train = X(trainIdx, :);

X_test = X(testIdx, :);

y_train = y(trainIdx, :);

y_test = y(testIdx, :);

Mdl=NaivePrototype(X_train,y_train);

y_test_NP=Mdl.My(knnsearch(Mdl.MX,X_test(:,Mdl.Protot

ypeFeatureIDs),'K',1));

acc_test=sum(y_test_NP==y_test)/numel(y_test);
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High-Dimensional (Gene Expression) Datasets (N<<P) Low-Dimensional Datasets (N>>P)

Dataset #p #n MjClass ID* Description Dataset #p #n MjClass ID* Description 

AP_Breast_Colon 10935 630 54.60% 1145 Breast vs. Colon Cancer blood-transfusion 4 748 76.20% 1464 Donor of Blood Transfusion (UCI)

AP_Breast_Kidney 10935 604 56.95% 1158 Breast vs. Kidney Cancer diabetes 8 768 65.10% 42608 Diabetes Patient (OpenML)

AP_Breast_Ovary 10935 542 63.47% 1165 breast vs. Ovarian Cancer Haberman 14 306 73.53% 43 Breast Cancer Survival (UCI)

AP_Colon_Kidney 10935 546 52.38% 1137 Colon vs. Kidney Cancer heart-statlog 13 270 55.56% 53 Heart Disease Database (UCI)

OVA_Colon 10935 1545 81.49% 1161 Colon Cancer vs. others hiva_agnostic 1617 4229 96.48% 1039 AIDS HIV infection (ETH Zurich)

OVA_Kidney 10935 1545 83.17% 1134 Kidney Cancer vs. others ilpd-numeric 10 583 71.36% 41945 Indian Liver Patient Dataset (UCI)

OVA_Lung 10935 1545 91.84% 1130 Lung Cancer vs. others thoracic-surgery 37 470 85.11% 4329 Lung Cancer life expectancy (UCI)

OVA_Omentum 10935 1545 95.02% 1139 Omentum Cancer vs. others wdbc 30 569 62.74% 1510 Breast Cancer Wisconsin (UCI)

OVA_Ovary 10935 1545 87.18% 1166 Ovarian Cancer vs. others * OpenML dataset identifier



https://machinelearningmastery.com/






•

•









                                

                       

                       

       

        

       

       

        

                                            

                

        

           

       

          

        

       

       

         

      

       

                            

         

            

                                      

                              

        







Dataset (Kfold) TrainAcc Iterations Prototype Samples Prototype Core Features
95.94 19

96.83 18

96.30 19

96.83 17

96.47 18

95.59 22

96.47 20

95.94 18

93.12 19

96.12 19

96.14 20

98.34 23

97.42 20

96.13 26

97.24 30

97.98 22

96.32 21

96.14 21

97.79 20

97.24 20

94.88 19

93.84 21

96.11 20

94.05 19

97.13 18

96.52 15

94.67 17

93.03 18

95.49 16

96.11 20



Dataset (Kfold) TrainAcc Iterations Prototype Samples Prototype Core Features
98.37 28

97.56 22

98.98 23

98.37 20

97.36 22

98.17 23

98.37 18

97.96 19

98.78 26

97.96 29

95.32 18

96.33 19

96.19 22

96.76 18

96.33 17

96.19 18

95.83 19

96.69 18

95.47 21

96.48 17

97.41 25

97.77 22

98.13 24

97.48 25

97.27 23

97.99 23

98.35 28

97.84 21

97.91 25

97.84 27



TrainAcc Iterations

97.84 15

97.55 21

98.06 17

97.77 16

98.13 12

97.77 13

97.92 17

97.99 18

97.84 18

97.48 15

94.17 16

95.18 16

95.32 16

95.33 17

94.97 13

94.89 16

94.68 14

95.54 10

95.18 15

95.18 15

89.14 15

91.87 17

88.71 5

90.58 16

93.24 16

89.64 16

90.08 18

89.36 16

91.44 16

89.43 17

76.97 2

76.52 2

76.52 2

77.41 2

77.12 1

77.41 2

76.71 2

76.52 2

77.15 2

76.23 2



TrainAcc Iterations

76.70 3

76.99 3

76.41 3

73.81 3

76.85 3

77.42 3

76.73 3

77.86 3

77.60 3

76.99 2

76.00 1

76.00 2

76.81 1

75.64 1

76.45 2

76.73 1

75.36 1

74.55 1

76.09 1

74.55 1



TrainAcc Iterations

60.49 5 16 &213 

78.19 2 32 &53 

60.91 3 102 &168 

67.90 2 86 & 4 

77.37 4 160 &164 

78.19 2 7 &76 

77.78 4 162 &166 

78.19 2 35 &58 

69.14 3 163 &222 

78.19 2 63 & 3 

96.53 3 1397 & 381 

61.32 3 786 &960 

96.61 2 2604 &2648 

96.03 4 99 &2006 

91.20 3 1323 &3583 

96.61 3 2596 &3276 

96.43 3 1428 & 791 

91.28 3 1316 &3582 

96.66 3 193 &2492 

96.58 4 200 &797 

71.76 3 386 &251 

72.90 3 470 & 75 

73.90 3 476 &  7 

72.57 5 301 &367 

73.71 2 65 &409 

71.81 4 475 & 75 

73.14 3 476 &  6 

73.52 3 477 &  6 

74.29 3 480 &  7 

72.71 3 479 &  7 

85.11 1 319 & 35 

85.34 1 44 &118 

85.82 1 49 &115 

84.87 3 69 &71 

84.87 1 44 &113 

86.29 1 46 &117 

85.58 3 267 & 13 

86.76 1 48 &116 

85.34 1 43 &116 

85.82 1 49 &122 

94.73 5 207 &446 

94.73 4 214 &450 

94.92 5 208 &446 

94.73 5 313 &187 

93.36 4 167 &203 

93.55 6 312 &184 

95.13 5 209 &445 

94.14 4 122 &185 

94.92 4 385 &189 

93.75 5 99 &431 
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