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Support Vector Machine Summary

Used for classification or regression.

Finds separating hyperplanes after using kernels function to
transform the input into a higher-dimensional space.

Minimizes errors while maximizing margin.

y(x) =
N∑

n=1

wnK (x , xn) + w0

Where wn is the vector of sample weights, xn is the vector of
input samples, and K is the kernel function.
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Advantages

Successfully applied to many real-world problems.

Applicable to linearly inseparable data.

Avoids overfitting.

Sparse representation.

No local minima.
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Disadvantages

Predictions are not probabilistic.

Number of support vectors grows with training set size.

Must specify C and ε.

Difficult to extend to more than two classes.

Kernel function must satisfy Mercer’s condition.
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Overview of Relevance Vector Machines

Proposed by Michael Tipping in 2000.

Uses a Bayesian approach to learning to generate probabilistic
output.

Determines relevance vectors instead of support vectors.

Leads to much sparser representations.

Expressed more naturally in terms of regression.

Maintains the advantages of SVM’s while avoiding their main
limitations.
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Mathematical Background

Model gives a conditional distribution of the form
p(t|x ,w , β) = ℵ(t|y(x), β−1) with mean

y(x) =
N∑

n=1

wnK (x , xn) + b.

β = σ−2 (inverse noise variance).
Likelihood of target values given by

p(t|X ,w , β) =
N∏

n=1

p(tn|xn,w , β−1).

Prior over weights given by p(w |α) =
M∏
i=1

ℵ(wi |0, α−1
i )

α is the set of hyperparameters, one for each w , which denote
the precision of the corresponding parameters.
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This gives p(w |t,X , α, β) = ℵ(W |µ,Σ), where µ = βΣKT t,
and Σ = (A + βKTK )−1 for A = diag(αi ).

Learning proceeds by re-estimating α and β and the mean and

covariance, where αnew
i = γi

µ2
i

and (βnew )−1 = ||t−KM||2
N−Σiγi

.

γi measures how well wi is determined by the data, and is
computed as γi = 1− αiΣii .

Can also use the expectation-maximization algorithm (see
Bishop 2006).

Ultimately, most α are driven toward ∞, so their
corresponding weights have zero mean and variance. The
remaining weights are the relevance vectors.
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Synthetic Data Example (Tipping 2000)

RVM uses 9 relevance vectors; SVM uses 39 support vectors.
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Benchmarks (Tipping 2000)

Support vector regression compared to relevance vector regression
on some popular benchmarks.
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Synthetic Data for Classification (Tipping 2000)
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Real-World Data for Classification (Tipping 2000)

RVM’s compared to SVM’s and Gaussian Processes. The USPS
dataset consists of handwritten digit recognition. RVM is
outperformed by SVM of the USPS data, but uses vastly fewer
kernels.

Erik Kuefler Relevance Vector Machines



Outline
Support Vector Machine Review

Relevance Vector Machines
Mathematical Summary

RVM Performance
Conclusion

More Synthetic Data (Bishop 2006)

The relevance vector machine’s ability to generate probabilistic
output is a significant advantage.

Erik Kuefler Relevance Vector Machines



Outline
Support Vector Machine Review

Relevance Vector Machines
Mathematical Summary

RVM Performance
Conclusion

Advantages

Gives probabilistic predictions.

Very sparse kernel representation.

No parameters to be specified by the user.

Extension to the multi-class case is relatively straightforward.

Kernel not restricted to satisfying Mercer’s condition.

Slightly more accurate than SVMs for regression.

Sparser representation leads to faster computation on test
sets.
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Disadvantages

Training requires optimizing a non-convex function.

Training a model with M basis functions requires inverting an
M ×M matrix, which is O(M3).

The lack of cross-validation can offset this increase in training
time in practice.

Different training procedures may also improves training
speed.
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Conclusion

Relevance vector machines are powerful in their ability to
overcome many of the SVM’s limitations while maintaining its
primary advantages.

The main disadvantage of RVM’s is in their increased training
time, but this can be mitigated in many situations.

Ultimately, RVM’s are able to obtain similar accuracies to
SVM’s using an order of magnitude fewer kernels.
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