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Support Vector Machines
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2.1.3 Sequential Minimal Optimisation
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Algorithm 2.2 - Decomposition algorithm
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Particle Swarm Optimisation
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3.2.1
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3.2.3 The PSO algorithm

Algorithm 3.1 - Particle Swarm Optimisation
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3.2.4 Improvements
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Constrained Particle Swarm

Optimisation

4.1.1 Terminology
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4.1.3 Slack variables
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(a) spanning RL. (b) spanning R2.
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4.3.2 PSO for equality-constrained optimisation
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Change of PSO for constrained optimisation
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Algorithm 4.2 - Initialising particles within the search plane
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Experimental results

5.1.1 Experimental results
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5.1.2 LPSO and CLPSO Convergence characteristics
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5.2.1 Implementing the SVM training algorithm

Finding an initial feasible solution «



Initialising a feasible swarm of particles
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5.2.2 Practical concerns and improvements

1Tn reality, any non-zero feasible vector can be used as an initial solution; choosing positive and negative

examples only gives a simple way of constructing such a vector. Larger values of imply a larger set of

initial support vectors, and the training algorithm simply spends extra time in removing the non-support

vectors from this set.



An approximation to the optimality conditions
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Error accumulation and round-off errors
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Optimising the dot product between two sparse vectors
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5.2.3 Experimental results



The MNIST dataset

Training the SVM
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Influence of working set sizes
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Scalability of the PSO approach
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Comparison to other algorithms
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Conclusion and Future Work
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