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Abstract

During test-time, SVM evaluation can be ex-
pensive if the features are time-consuming to
extract. This work uses an approximation
algorithm for the submodular set cover prob-
lem to select a subset of all features that may
be used during test-time to arrive at the same
accuracy as if all features were used. On syn-
thetic and UCI datasets this approach shows
reductions in prediction cost, while maintain-
ing prediction accuracy.

1. Introduction

Support Vector Machines (SVM) are a popular ma-
chine learning classifier. SVMs labels examples as pos-
itive and negative by computing a hyperplane in mul-
tidimensional space such that the margin between the
positive and negative examples is maximized. SVMs
have high accuracy and are frequently used in many
applications. However, a drawback to the use of SVMs
is the high cost associated with their use. In order to
classify an example, the SVM must use all of the fea-
tures of that example. Hence, the cost of classification
is the total cost of all of the features. In applications
where there is a cost associated with procuring the
value of a feature (e.g. medical diagnostics and quality
control tests in a factory setting), using an SVM can
be prohibitively expensive. The impetus behind our
work was to find a way to decrease the cost of testing
using an SVM while retaining the high accuracy.

2. Adaptive Dual Greedy

The problem of finding the optimal evaluation strat-
egy for linear threshold functions (LTF) is NP-hard
(Cox et al., 1989). In previous work (Deshpande et al.,
2013), we have developed an evaluation algorithm for
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linear threshold functions, which we call Adaptive
Dual Greedy, that is based on the submodular dual
greedy algorithm by Fujito (Fujito, 1999). This al-
gorithm provably outputs an evaluation tree that is
within a factor of 3 of the optimal evaluation tree.
Although the bounds in (Deshpande et al., 2013) ap-
ply to boolean input, the bounds extend to real-valued
input as well. We propose using this algorithm as a
postprocessor for SVMs (or other learning algorithms
that output LTF classifers) on binary attributes. To
apply our algorithm, we assume independence of all at-
tributes. We use the input data to estimate, for each
attribute and for each value of that attribute in the in-
put data, the probability of that attribute having that
value in the test data.

We reproduce the pseudocode of Adaptive Dual
Greedy below.

Algorithm 1 Adaptive Dual Greedy

1: b← (∗, ∗ . . . , ∗), yS ← 0 for all S ⊆ N
2: F 0 = ∅, l← 0
3: while b is not a solution to SSSC (g(b) < Q) do
4: l← l + 1

5: jl ← arg minj 6∈F l−1

cj−
∑

S:yS 6=0(E[gS,b(j)])yS

E[gb(j)]

6: yF l−1 ←
cjl−

∑
S:yS 6=0(E[gS,b(j)])yS

E[gb(j)]

7: k ← the state of jl {‘}‘test” jl
8: F l ← F l−1 ⋃{jl} {}F l = dom(b)
9: bjl ← k

10: end while
11: return b

The algorithm is based on the dual of the LP relax-
ation of Wolsey’s IP for the (deterministic) Submod-
ular Set Cover Problem. The main idea behind the
algorithm is to iteratively assign values to a subset of
the yS variables, which are all set initially to 0. The
next variable to be assigned a value is chosen in a
greedy way, and the assignment is done to maintain
the invariant that the current assignment to the yS
variables is a feasible solution to the dual LP. Each
assignment causes another constraint of the dual to be
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tight. The item j corresponding to that constraint is
then added to an initially empty set J . When J is a
cover, the algorithm halts and outputs J . Please refer
to (Deshpande et al., 2013) for a fuller description and
analysis.

3. Comparison of Adaptive Dual
Greedy to other strategies for
evaluating LTF

We compare the performance of our algorithm on LTFs
to three naive heuristics for evaluating linear threshold
functions. The first evaluates all attribute in sequen-
tial order (xi will be tested before xj for all i < j); the
second tests according to the fixed order of decreasing
costs (xi will be tested before xj for all ci < cj where
ci refers to the cost of testing attribute xi); and the
third tests according to the fixed order of increasing
coefficient over cost (xi will be tested before xj for all
|ai|
ci

>
|aj |
cj

where |ai| refers to the absolute value of the

coefficient in the LTF of attribute xi).

It is clear that the above heuristics have no theoreti-
cal guarantees as to the optimality of their solutions,
and in fact, the cost of evaluating an LTF according
to one of the heuristics can be as much as n times
the cost of evaluating it according to Adaptive Dual
Greedy. For example, consider the case of boolean
data labeled according to an OR function, where all
costs and coefficients are 1, and the probability that
xi = 1 is .0001 for 0 < i < n − 2 and .9999 for xn−1.
Then, assuming that ties are broken in favor of smaller
subscripts (xi before xj for i < j), all three heuristics
of the previous paragraph will find solutions of cost =
O(n). In contrast, with high probability, ours will find
a solution of cost equal to 1.

We compare all three methods of evaluating linear
threshold functions both over synthetic data (where
the probabilities, costs, and coefficients are all ran-
domly generated) and on two UCI datasets (with ran-
domly generated costs). As the figures below demon-
strate, our algorithm finds a solution that is compara-
ble in cost to the solutions found by the heuristics.

4. Results

We first present our results for synthetic real-valued
data. This dataset has twenty attributes, each with a
random real-valued value between 0 and 9.99. Costs
(between 1 and 10) and coefficients (between -10 and
+10, with a threshold at most 10) were generated ran-
domly as well. The data was labelled according to the
value of the linear threshold function induced by the

coefficients.

Table 1 depicts the results of the various LTF evalua-
tion algorithms, averaged over five runs of 500 exam-
ples each. (500 training examples were generated as
well, to be used in determining the probability distri-
bution of each attribute.)

Table 1. Synthetic real-valued data

method of evaluation cost
Heuristic 1 (increasing i) 184.5
Heuristic 2 (increasing cost) 150.5

Heuristic 3 (decreasing |ai|
ci

) 117.5

Adaptive Dual Greedy 117.5
Cost of evaluating all attributes 240

Next, we evaluated our algorithms on several UCI
datasets (Bache & Lichman, 2013). Due to space con-
straints, we present here the results from two datasets:
congressional voting records and heart disease (R. De-
trano, 1988). We randomly split the data into 2/3
training to train the Weka SMO and 1/3 test. Costs,
between 1 and n/2, where n is the number of attributes
for the dataset, were randomly assigned as well. Real-
valued attributes were standardized (scaled so that
the mean is centered and there is unit variance). We
present the results, averaged over five rounds of split-
ting and testing. Table 2 presents the results of eval-
uating the congressional voting records dataset (16
boolean attributes, 435 examples).

Table 2. congressional voting records dataset

method of evaluation cost
Heuristic 1 (increasing i) 42
Heuristic 2 (increasing cost) 47

Heuristic 3 (decreasing |ai|
ci

) 24

Adaptive Dual Greedy 32
Cost of running SVM alone 72

Table 3 presents the results of evaluating the Cleve-
land heart disease dataset (14 boolean and real-valued
attributes, 303 examples).

Table 3. Cleveland heart disease dataset
method of evaluation cost
Heuristic 1 (increasing i) 35
Heuristic 2 (increasing cost) 22

Heuristic 3 (decreasing |ai|
ci

) 20

Adaptive Dual Greedy 23
Cost of running SVM alone 78

As can be seen, the use of Adaptive Dual Greedy as
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a postprocessor on an SVM can reduce the costs by
approximately 50%-70% without sacrificing any accu-
racy.

5. Conclusion

The use of Adaptive Dual Greedy to classify examples
instead of using the SVM output directly can reduce
the cost of classification by 50%-70% without sacrific-
ing any accuracy. The cost of the evaluation strategy
produced by Adaptive Dual Greedy is comparable to
the cost of the strategies produced by naive heuris-
tics. However, the naive heuristics lack the theoretical
guarantees of the cost of the solution relative to the
optimal cost that Adaptive Dual Greedy has, and in
fact can fail miserably on some input.

We would like to consider extending the algorithm to
classification examples that have k classes for k > 2.
We look forward to testing its use on other datasets
and anticipate additional favorable results. We view
the use of Adaptive Dual Greedy as a postprocessor
to SVMs to maintain high accuracy without incurring
high costs, as a novel way of reducing test-time cost of
classification.
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