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Abstract  Multi-instance learning has been applied to various tasks, such as image retrieval, text
classification, face recognition, etc. Deep neural network has also been successfully applied to plenty
of tasks and problems. MI-Nets are one of the successful applications to multi-instance learning of
deep neural network. Although MI-Nets have obtained achievements and the main task they are good
at is image task, while on non-image tasks, they show mediocre performance. Over the last two
years, deep forest has achieved good performance on non-image tasks and is favored for its less
parameters and steady performance compared with deep neural network. Thus it is urgent and
necessary to apply deep forest to multi-instance learning. However, due to the limitation of the
structure of deep forest, we cannot simply substitute the bag-level forest for each forest of deep forest.
Therefore, we need to change the structure of deep forest to achieve our purpose. In this paper, we
provide a new structure of deep forest, that is multiple instance deep forest (MIDF). We regard each
instance from a bag as a new bag, and thus the distribution output from the middle level can
concatenate the original bag to make the cascade structure valid. We can also assure the number of
layers of MIDF. Experimental results show that our method has comparable performance with MI-
Nets on image task, while on non-image tasks, our method outperforms MI-Nets and other baseline

methods.
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Fig. 1 The illustration of class vector generation
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Fig. 2 The illustration of the cascade structure of multiple instance deep forest
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Net with DS #1 MI-Net with RC — ¥ 9 5 1 3k 5 Table 2 Average Prediction Accuracy of Different
& Eﬂ] ER Iﬁ] ﬁ(}ﬁ % Yy %ﬁ[‘?ﬁ;‘ ﬁ( , ﬁ{ﬁ J&5) PZ%% §5( Methods for Drug and Image Datasets
L35 57 2 1 0 2 S x2 HYPYMEBRFRIBEE ERARNEENFEHFTNERE
33 LTRESR Algorithms Muskl MUSK?2 Elephant Fox  Tiger
?‘Z’ﬂ]ﬁﬁ 10 Yjﬁ.\ 10 ?ﬁﬁﬂ gﬁﬁEﬂé Hﬁﬁ ID3-MI. MILES 0.84 0.80 0.82 0.61 0.80
MIRF [/j\)j’( MIDF %:Yzii E]/‘J ‘l‘é ﬁé (jé’?‘j‘ 10 77\ 10 ﬁﬁ—‘é miGraph 0.88 0.84 0.80 0.60 0.79
- . N MI-Net with RC 0.88 0.85 0.84 0.60 0.81
SURE B UCRIUA Y BEHLACR R 50 3 1 AR 2 MI-Net with DS 0.89  0.84 0.85 059  0.81
%%T‘{mu‘iﬁ‘{ﬁfﬁ%ﬂ/‘] ttﬁ 1D3-MI 0.77 0.71 0.67 0.56 0.69
14T AR WO WO L) K B Bl R AR MIRF 0.87  0.80 0.76  0.54  0.72
1155 ERYSEIREE R 3R 2 4t T HE SUAR 3 2R AT 55 1Y MIDF 089 0.8l 0.84  0.58  0.79
S A5 A H v YRR AR R AR 1A B Y e A R Note: The best results are in bold.
Table 3 Average Prediction Accuracy of Different Methods for Text Categorization Datasets
R3I NASEBEELARE XN TN AERE
Datasets MILES miGraph MI-Net with RC  MI-Net with Ds 1D3-MI MIRF MIDF
alt.atheism 0.65 0.74 0.77 0.68 0.67 0.75 0.79
comp.graphics 0.64 0.80 0.79 0.74 0.73 0.81 0.81
comp.os.ms-windows. misc 0.57 0.57 0.64 0.58 0.56 0.60 0.61
comp.sys.ibm.pc.hardware 0.63 0.57 0.58 0.55 0.66 0.74 0.73
comp.sys.mac. hardware 0.59 0.73 0.74 0.68 0.67 0.75 0.79
comp.windows.x 0.74 0.77 0.70 0.56 0.73 0.78 0.77
misc.forsale 0.54 0.65 0.58 0.57 0.53 0.60 0.64
rec.autos 0.61 0.71 0.62 0.66 0.67 0.70 0.72
rec.motorcycles 0.65 0.78 0.84 0.80 0.76 0.79 0.81
rec.sport.baseball 0.71 0.74 0.79 0.70 0.69 0.78 0.82
rec.sport.hockey 0.78 0.79 0.74 0.60 0.71 0.77 0.80
sci.crypt 0.74 0.66 0.70 0.66 0.67 0.74 0.76
sci.electronics. mat 0.70 0.86 0.84 0.78 0.84 0.90 0.91
sci.med 070 0.81 0.77 0.69 0.64 0.71 0.71
sci.space 0.61 0.67 0.73 0.67 0.63 0.69 0.74
soc.religion.christian 0.61 0.71 0.71 0.65 0.61 0.74 0.74
talk.politics.guns 0.70 0.62 0.72 0.63 0.65 0.69 0.71
talk. politics.mideast 0.71 0.62 0.64 0.64 0.73 0.79 0.80
talk.politics. misc 0.56 0.61 0.62 0.64 0.58 0.60 0.64
talk.religion.misc 0.60 0.64 0.63 0.62 0.59 0.67 0.68

Note: The best results are in bold.
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