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Motivation

- Considering interpretability, a machine learning application is
preferred to be formulated as a convex optimization problem,
especially when the training and inference are performed on
structured data.

* The non-differentiable convex problem cannot be solved easily
using the smooth optimization method.

* The cutting plane method requires access to the entire dataset
for each iteration, which renders them infeasible for efficiently
handling large datasets.



Main idea

* The proposed algorithm iterates with the estimated cutting
planes being calculated on a small batch of sampled data,
and is capable of handling large-scale problems.

* The proposed algorithm adopts a “sink” operation that
detects and adjusts noisy estimations to guarantee
convergence.



Method

« MBCPM randomly selects instances from the entire training
set and generates an estimated cutting plane on this
sampled sub-dataset.

« MBCPM evaluates whether these estimated cutting planes
affect the correctness of the algorithm.

« MBCPM will adopt a “sink™ operation to address noisy
estimations.



Major results

The objective value of MBCPM declines faster than that
of the traditional cutting plane method.
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Fig. 4 Objective value of MBCPM and BMRM as a function of time consumption: (a) HUMAN:; (b) MNIST:
(c) ACOUSTIC



Major results

The objective value of MBCPM declines faster than that
of the SGD method.
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Fig. 6 Objective value as a function of time cost in the comparison of MBCPM with SGD methods: (a) HU-
MAN:; (b) MNIST: (c¢) URL; (d) ACOUSTIC



Major results

The error rate of MBCPM declines faster than that of
SGD methods and converges more stably.
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Fig. 7 Error rate as a function of time cost in the comparison of MBCPM with SGD methods: (a) HUMAN;
(b) MNIST; (¢) URL; (d) ACOUSTIC



Conclusions

 MBCPM iterates with the estimated cutting planes being
calculated on a small batch of sampled data, is capable of
handling large-scale problems, and adopts a “sink”
operation that detects and adjusts noisy estimations to
guarantee convergence.

* Experimental results on extensive real-world datasets
indicated that under the general convex settings, MBCPM is
superior to some widely used SGD methods and the
conventional CPM method in terms of convergence speed.
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