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中  文  摘  要

	核机器学习及其应用已经渗透到多个学科，并在数据挖掘、信息检索、计算机视觉、生物信息论、信号处理、智能控制等领域取得了丰硕的成果。在过去十年中，数据规模的增长远远超过了处理器速度的增加。另一方面，机器学习算法的理论性越来越强，计算复杂度也越来越高。基于统计学习理论的支持向量机便是一个典型的例子。

大量的对比实验已经表明支持向量机在很多问题上获得了良好的推广能力。然而，支持向量机的训练过程等价于求解一个约束凸二次规划。尽管理论上该优化问题很容易求解，例如通过内点法求解，实际上经典优化方法的计算复杂度非常高，通常是训练样本数的立方。高计算代价已经成为支持向量机在大规模问题中应用的瓶颈。针对这一问题，本文提出了多种快速算法，概括如下：
(1) 对有噪数据，硬边缘支持向量机会出现过拟合现象。软边缘支持向量机通过引入正则参数来避免过拟合，获得了良好的性能，但该方法的计算复杂度很高。本文提出了一种新的学习算法，贪婪分阶段支持向量机来克服硬边缘支持向量机的过拟合问题。贪婪分阶段支持向量机最吸引人的优点是在最差情况下，它的计算复杂度仅是训练样本数的平方。在高达400000个训练样本的基准数据集上的对比实验表明贪婪分阶段支持向量机在几乎不牺牲推广性能的情况下比LIBSVM 2.83快得多。我们也利用统计学习理论分析了实验数据，结果表明贪婪分阶段支持向量机的成功在于它能够产生较小的VC维。
(2) 近来，研究者们提出了一些基本域算法训练支持向量机。沿着这一方向，本文提出了用于训练非线性支持向量回归的递归有限牛顿算法。我们详细讨论了不敏感Huber损失函数的特性和牛顿步的计算。与LIBSVM 2.82的对比实验验证了所提算法的有效性。我们也探讨了如何在基本域构造稀疏支持向量回归，提出了两个快速稀疏支持向量回归算法：基于简化集选择的稀疏支持向量回归和基于简化集构造的稀疏支持向量回归。对比实验表明：当和支持向量回归的精度相近时，本文算法所需的基函数数目远小于支持向量回归的支持向量数；即使仅考虑精度，在许多情况下，基于简化集构造的稀疏支持向量回归的性能也略优于支持向量回归。
(3) 由于可以诱导稀疏性，l1正则在机器学习中有着广泛的应用。然而直到现在，与l2正则相比，l1正则在核机器中很少使用。一个重要的原因是基于l1正则的核机器计算复杂度非常高。为了构造基于l1正则的大规模核机器，本文提出了分块分解算法CLAR-LASSO。CLAR-LASSO将大规模问题分解为一系列小的子问题，然后利用近来提出的LAR-LASSO算法来求解这些子问题。我们证明了CLAR-LASSO的有限收敛性，并分析了它的时间复杂度和空间复杂度。对比实验表明：CLAR-LASSO比LAR-LASSO更有效，而且不牺牲推广性能；CLAR-LASSO与支持向量机的推广性能相近，但支持向量数明显更少。
(4) 核Fisher判别分析是一种非常有效的分类方法。选择合适的超参数包括核参数和正则参数是核Fisher判别分析最具挑战性的工作。本文的讨论集中在特征标度核，在此类核函数中，每个特征都对应于一个独立的尺度因子。本文提出了一个新算法，命名为特征标度核Fisher判别分析，来调节特征标度核的尺度因子和正则参数。特征标度核Fisher判别分析的基本思想是利用梯度下降方法优化光滑的留一误差来得到超参数的估计。特征标度核Fisher判别分析的提出是基于下面两个基本前提： 核Fisher判别分析的留一误差具有解析表达式；阶跃函数可以用sigmoid函数来逼近。在人工和基准数据集上的对比实验表明：特征标度核Fisher判别分析提高了核Fisher判别分析的分类精度，特别是当数据集中包括不相关特征的时候。
(5) 为了使最小二乘支持向量机能应用于大规模数据集并提高它的测试速度，本文提出了两个快速稀疏逼近算法：快速稀疏逼近最小二乘支持向量机和加速的快速稀疏逼近最小二乘支持向量机。快速稀疏逼近最小二乘支持向量机通过一次增加一个来自于核字典的基函数来迭代构造决策函数，并采用灵活且稳定的 不敏感停止判据终止算法。通过仅从一个随机子集中选择基函数，我们能进一步提高快速稀疏逼近最小二乘支持向量机的速度，这一算法命名为加速的快速稀疏逼近最小二乘支持向量机。本文算法具有两个非常吸引人的特性：低的计算复杂度和稀疏的解。在基准数据集上的对比实验表明：本文算法在不牺牲推广性能的前提下，以相当低的计算复杂度获得了稀疏分类器。
(6) 提出了一个新颖的分解算法——序列稀疏贪婪优化来训练大规模最小二乘支持向量机。序列稀疏贪婪优化将大规模优化问题分解为一系列小规模的稀疏贪婪优化问题。不像以前的分解算法同时选择所有的激活变量，稀疏贪婪优化通过增量的方式选择激活变量。稀疏贪婪优化直接逼近目标函数的下降，因而可以明显地减小目标函数。我们也证明了序列稀疏贪婪优化的全局收敛性并讨论了如何利用它来优化多个超参数。在高达100000个训练样本的基准数据集上的对比实验表明：序列稀疏贪婪优化要比共轭梯度算法和序列最小优化算法快得多。
(7) 提出了一个高分辨距离像识别框架，命名为MCPVC，并在实测飞机数据上比较了支持向量机和本论文开发的分类器的识别精度。结果表明，我们的高分辨距离像识别方法优于两种常用的平移不变的特征提取方法；本论文第六章开发的快速稀疏逼近最小二乘支持向量机的识别精度高于支持向量机。
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Research on Large Scale Kernel Machines
Bo Liefeng
ABSTRACT
	Kernel machines and its application have already come into many disciplines and achieved plentiful fruits in diversified fields, including data mining, information retrieval, computer vision, bioinformatics, signal processing, intelligent controlling, etc. During the last decade, dataset size has outgrown processor speed. Meanwhile, machine learning algorithms became more principled, and also more computationally expensive. Support vector machines based on statistical learning theory is a typical example. 
Extensive comparisons have shown that support vector machines obtain good generalization performance on various data sets. However, the training procedure of support vector machines amounts to solving a constrained quadratic programming. Although the training problem is, in principle, solvable, in practice it is intractable for large scale problems by the classical optimization techniques, e.g., interior point method, because their computational complexity usually scales cubically with the size of training samples. The high computational cost has become a bottleneck of support vector machines applied to large scale problems. To overcome this limitation, we propose a few novel fast algorithms in this dissertation, which can be summarized as follows:
(1) Hard margin support vector machines have a risk of getting over-fitting in the presence of noise. Soft margin support vector machines deal with this problem by introducing a regularization term and obtain a state of the art performance. However, this disposal leads to a relatively high computational cost. In this paper, an alternative method, greedy stagewise algorithm for support vector machines, named GS-SVMs, is presented to cope with the over-fitting of hard margin support vector machines without employing the regularization term. The most attractive property of GS-SVMs is that its computational complexity in the worst case only scales quadratically with the size of training samples. Experiments on benchmark data sets with up to 400000 training samples demonstrate that GS-SVMs are faster than LIBSVM 2.83 without sacrificing the accuracy. Finally, we employ statistical learning theory to analyze the empirical results, which shows that the success of GS-SVMs owes to its ability of bringing small VC dimension.
(2) Some algorithms in the primal have been recently proposed for training support vector machines (SVMs). This paper follows those studies and develops a recursive finite Newton algorithm (IHLF-SVR-RFN) for training non-linear support vector regression (SVR). The insensitive Huber loss function and the computation of the Newton step are discussed in detail. Comparisons with LIBSVM 2.82 show that the proposed algorithm gives promising results. We also show how to build sparse support vector regression (SVR) in the primal. Two algorithms: SSVR-SRS for selecting a reduced set and SSVR-CRS for constructing a reduced set are proposed, thus providing for us scalable, sparse support vector regression algorithms. Empirical comparisons show that (1) the number of basis functions the proposed algorithms require to achieve the accuracy close to that of SVR is far less than the number of support vectors of SVR; (2) SSVR-CRS slightly outperforms SVR in many cases, even if only considering the generalization performance.
(3) l1 regularization is interesting and useful due to its sparsity-promoting nature. However till now, l1 regularization is used less frequently than l2 regularization in kernel method. The computational bottleneck of l1 regularized kernel model is an important reason. In this paper, we propose a chunking decomposition algorithm, CLAR-LASSO for training the large scale l1 regularized kernel models. The chunking algorithm breaks the large scale problem into a series of small sub-problems which are solved by the efficient LAR-LASSO algorithm recently proposed. We prove the finite convergence of CLAR-LASSO and analyze its time and space complexity. Experiments show that: 1) CLAR-LASSO is more efficient than LAR-LASSO without sacrificing the generalization performance; 2) CLAR-LASSO achieves the similar generalization performance with support vector machines while requiring the significantly fewer basis functions.
(4) Kernel Fisher discriminant analysis is a very successful approach to classification. It is well-known that the key challenge in Kernel Fisher discriminant analysis lies in the selection of free parameters such as kernel parameters and regularization parameters. In this letter, we focus on the feature scaling kernel where each feature individually associates with a scaling factor. A novel algorithm, named FS-KFD, is developed to tune the scaling factors and regularization parameters for the feature scaling kernel. The proposed algorithm is based on optimizing the smooth leave-one-out error via a gradient descent method and has been demonstrated to be computationally feasible. FS-KFD is motivated from the following two fundamental facts, i.e. the leave-one-out error of Kernel Fisher discriminant analysis can be expressed in closed form and the step function can be approximated by a sigmoid function. Empirical comparisons on artificial and benchmark data sets suggest that FS-KFD improves Kernel Fisher discriminant analysis in terms of classification accuracy.
(5) We present two fast sparse approximation schemes for least squares support vector machine, named FSALS-SVM and PFSALS-SVM, to overcome the limitation of LS-SVM that it is not applicable to large data sets and to improve test speed. FSALS-SVM iteratively builds the decision function by adding one basis function from a kernel-based dictionary at one time. The process is terminated by using a flexible and stable epsilon insensitive stopping criterion. A probabilistic speedup scheme is employed to further improve the speed of FSALSSVM and the resulting classifier is named PFSALS-SVM. Our algorithms are of two compelling features: low complexity and sparse solution. Experiments on benchmark data sets show that our algorithms obtain sparse classifiers at a rather low cost without sacrificing the generalization performance.
(6) We propose a novel decomposition algorithm, sequential sparse greedy optimization (SSGO) for least squares support vector machine. SSGO breaks large scale optimization into a series of sparse greedy optimizations. Unlike the previous decomposition algorithms which select all active variables simultaneously, sparse greedy optimization selects the active variables by an incremental manner. Sparse greedy optimization directly approximates the improvement of the objective function and thus can significantly decreases the objective function. This paper also demonstrates the global convergence of SSGO and shows how to use it to perform model selection efficiently. Empirical comparisons on benchmark data sets with up to 100000 training samples show that SSGO is orders of magnitude faster than the conjugate gradient algorithm and sequential minimal optimization.
(7) We propose a general framework, named MCPVC for recognizing radar high resolution rage profiles. We compare support vector machines and the classifiers developed in the dissertation paper on the measured airplane data. The results show that MCPVC is superior to the two known time-shift invariant feature extraction method; FSALS-SVM developed in chapter 6 obtains the better generalization performance than support vector machines.
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