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Abstract Most studies about deep learning are built on neural networks, i.e., multiple layers of
parameterized differentiable nonlinear modules trained by backpropagation. Recently, deep forest was
proposed as a non-NN style deep model, which has much fewer parameters than deep neural
networks. It shows robust performance under different hyperparameter settings and across different
tasks, and the model complexity can be determined in a data-dependent style. Represented by
gcForest, the study of deep forest provides a promising way of building deep models based on non-
differentiable modules. However, deep forest is now used offline which inhibits its application in many
real tasks, e.g., in the context of learning from data streams. In this work, we explore the possibility
of building deep forest under the incremental setting and propose Mondrian deep forest. It has a
cascade forest structure to do layer-by-layer processing. And we further enhance its layer-by-layer
processing by devising an adaptive mechanism, which is capable of adjusting the attention to the
original features versus the transformed features of the previous layer, therefore notably mitigating
the deficiency of Mondrian forest in handling irrelevant features. Empirical results show that, while
inheriting the incremental learning ability of Mondrian forest, Mondrian deep forest has a significant
improvement in performance. And using the same default setting of hyperparameters, Mondrian deep
forest is able to achieve satisfying performance across different datasets. In the incremental training
setting, Mondrian deep forest achieves highly competitive predictive performance with periodically

retrained gcForest while being an order of magnitude faster.
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Fig. 1 Illustration of the model structure of Mondrian deep forest
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Table 1 Dataset Information

x1 HIEEKER
Dataset # Dim # Label N train N test
USPS 256 10 7291 2007
SATIMAGE 36 6 3104 2000
LETTER 16 26 15000 5000
DNAG60 60 3 1400 1186
DNA 180 3 1400 1186
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Table 2 Mean Test Accuracy (%) and Standard Deviation
2 HEBEEETHMNREHRE(%)HEMRES

Dataset MF 120

MF 2000 MDF gcForest
USPS 93.1440.29 93.50+£0.07 94.621+0.26 (6.6) 94.46+£0.07 (6.9)
SATIMAGE 89.45+0.26 89.5940.12 91.021+0.45 (3.5) 90.69+0.25 (3.1
LETTER 96.5740.11 96.94+0.09 97.194+0.11 (4.4) 96.53+0.12 (1.8)
DNAG60 90.89+0.38 91.79+0.26 94,49+0.23 (3.8) 95.081+0.34 (3.0)
DNA 66.7940.72 65.11+0.23 92.01£0.71(10.4) 94.7410.43 (7.2)

Note: The best results are in bold; the average layer numbers of the cascade are in the parentheses.
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Fig. 2 Cross-validation and test accuracy at each layer of MDF
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Table 3 Test Accuracy of MDF with Different Adaptive
Factors

*3 ERAFREBENETFH MDF MK EBELE %

Dataset a=1 a=D|D’
USPS 94.044-0.14 (8.2) 94.62+0.26 (6.6)
SATIMAGE 90.614+0.68 (3.7) 91.0240.45 (3.5)
LETTER 96.9340.13 (2.5) 97.19£0.11 (4.4)
DNAG60 94.684-0.30 (6.6) 94.4940.23 (3.8)
DNA 70.664-0.33 (7.3) 92.01£0.71(10.4)

Note: The average number of layers is in the parentheses.
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Fig. 3 Cross-validation and test accuracy of MDF on DNA using different adaptive factors
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Fig. 4 The influence of increasing irrelevant features on

the predictive performance of MF and MDF
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Fig. 5 Results on various datasets in the incremental setting
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