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Approach: DRMI

• High mutual information means high

redundancy

• Goal of DRMI

• select a more representative reduced 

dataset through minimizing the mutual 

information value
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A case The minimal sum of 

mutual information is 1.44



Approach: DRMI

• The mutual information value of image 𝒖
and 𝒗 is calculated as



Approach: DRMI

• The mutual information value of image 𝒖
and 𝒗 is calculated as

• Use a matrix 𝑰 and a hyperparameter 𝜶 to 

represent the mutual information



Approach: DRMI

• Formalized Goal of DRMI



Approach: DRMI

• Formalized Goal of DRMI

• Mapping it to Graph Theory



Approach: DRMI

• Proof of NP-Complete

• Proof of NP

• Verifiable in polynomial time

• Proof of NP-Hard

• The maximum independent set problem 

can be reduced to ours.
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Greedy-choice 

Initialization
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MI A B C D E F

A / 0.88 0.57 0.52 0.58 0.56

B 0.88 / 0.50 0.50 0.57 0.63

C 0.57 0.50 / 0.91 0.45 0.43

D 0.52 0.50 0.91 / 0.43 0.36

E 0.58 0.57 0.45 0.43 / 0.98

F 0.56 0.63 0.43 0.36 0.98 /

6→3

𝑺𝟎 = ∅
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MI A B C D E F
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𝑺𝟎 = {𝑨}

𝒕 = 𝑨
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MI A B C D E F
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MI A B C D E F
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𝑺𝟎 = {𝑨,𝑫, 𝑭}
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Greedy-choice 

Initialization
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DE
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B𝒕 = 𝑩

𝑺𝟎 = {𝑩,𝑫, 𝑭}
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MI A B C D E F
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One-hot 

Replacement 

Optimization

𝑺𝟎 = {𝑩,𝑫, 𝑭}

𝑺 = 𝑺𝟎
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𝑩 → 𝑫,𝑭: 𝟏. 𝟏𝟑
𝑫 → 𝑩,𝑭: 𝟎. 𝟖𝟔
𝑭 → 𝑩,𝑫: 𝟎. 𝟗𝟗
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A / 0.88 0.57 0.52 0.58 0.56
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F 0.56 0.63 0.43 0.36 0.98 /
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𝑨 → 𝑫,𝑭: 𝟏. 𝟎𝟖
𝑪 → 𝑫, 𝑭: 𝟏. 𝟑𝟒
𝑬 → 𝑫, 𝑭: 𝟏. 𝟒𝟏
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𝑺 = {𝑨,𝑫, 𝑭}

𝑯 = 𝟏. 𝟒𝟒



Evaluation

Different model architecture

Method architecture Q=600 Q=300 Q=150

DRMI
LeNet-5 96.38% 94.29% 92.13%

C3F2 97.25% 94.41% 91.12%

Baseline 91.91% 88.48% 84.97%

Accuracy on substitute model



Evaluation

Different distribution of the target dataset

Query
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Evaluation

Black-box attack



Conclusion

• Reduce the number of queries and high 

accuracy

• Black-box attacks based on substitute 

model

• Measurement of the quality of queries



Thanks for listening!
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