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Abstract-For the problem of binar y linear classification and
feature selection, we propose algorithmic approaches to classifier
design based on the generalized approximate message passing
(GAMP) algorithm, recently proposed in the context of compres
sive sensing. Our work focuses on the regime where the number
of features greatly exceeds the number of training examples, but
where only a few features suffice for accurate classification. We
show that sum-product GAMP can be used to (approximately )
minimize the classification error rate and max-sum GAMP can
be used to minimize a wide variety of regularized loss functions.
Furthermore, we describe an expectation-maximization (EM)
based scheme to learn the associated model parameters online,
as an alternative to cross-validation, and we show that GAMPs
state evolution framework can be used to accurately predict the
misclassification rate. Finally, we present a brief numerical study
to confirm the efficacy, flexibility, and speed afforded by our
GAMP-based approaches to binar y classification. 1

I.

IN TRODUCTION

In this work we consider binary linear classification and
feature selection [1]. The objective of binary linear classifica
tion is to learn the weight vector W E ]RN that best predicts
an unknown binary class label y E {-I, 1 associated with a
given vector of quantifiable features x E]R from the sign of a
linear "score" Z -£ (x, w). The goal of linear feature selection
is to identify which subset of the N weights in Ware necessary
for accurate prediction of the unknown class label y, since this
subset itself may be of primary concern.

�

In formulating this linear feature selection problem, we
assume that there exists a K-sparse weight vector W (i.e.,
II wllo K « N) such that y sgn( (x, w) -e), where sgn(· )
is the signum function and e
Pe is a random perturbation
accounting for model inaccuracies. For the purpose of learning
w, we assume the availability of M labeled training examples
generated independently according to this model:
=

=

rv

Ym

=

sgn( (xm' w) - em),

Vm

=

1, . . . , M,

drastically exceeds the number of available training examples
M. Such computationally challenging problems are of great
interest in a number of modern applications, including text
classification [2], multi-voxel pattern analysis [3]-[5], con
joint analysis [6], and microarray gene expression [7]. In the
N » M regime, the model (1) also coincides with that of
noisy one-bit compressed sensing (CS) [8], [9], where W is
the sparse vector of interest and x;" is the mth row of the
M x N measurement matrix.
In this work, we develop approaches to binary linear
classification and feature selection based on the generalized
approximate message passing (GAMP) algorithm [10] recently
proposed in the context of CS. We show that the sum-product
version of GAMP approximates the error-rate minimizing
binary linear classifier under the assumed model (1), and
that the max-sum version of GAMP can be used to design
binary linear classifiers that minimize a wide variety of regular
ized loss functions. Furthermore, we describe an expectation
maximization (EM)-based scheme to learn the associated
model parameters online, as an alternative to cross-validation,
and we show that GAMP's state evolution framework can be
used to accurately predict the misclassification rate. Finally,
we present a brief numerical study to confirm the efficacy,
flexibility, and speed afforded by our GAMP-based approaches
to binary classification.2
II.

rv

(2)
We are particularly interested in classification problems in
which the number of potentially discriminatory features N
I This work has been supported in part by NSF grant CCF-1218754, by
NSF grant CCF-1018368,and by DARPA/ONR grant N6600l-1O-l-4090.

FOR CLASSIFICATION

We now formulate the binary linear classifier design prob
lem from both minimum error-rate and maximum a posteriori
(MAP) perspectives, and show that each case can be tackled
by a variant of the GAMP algorithm.
A. Sum-Product GAMP

(1)

with em
i.i.d. Pel It is common to express the relationship
between the label Ym and the score zm -£ (xm, w) in (1) via
the conditional pdf Py=lz= (Ymlzm), known as the "activation
function," which can be related to the perturbation pdf Pe via

GAMP

f}

Suppose that we are given M labeled traini
examples
and T test feature vectors {Xdt=tJ+l asso

{Ym, Xm}�=l'

ciated with unknown test labels {Yt}�tJ+l' all obeying the
noisy linear model (1) under some known error pdf Pe, and thus

2Notation: Random quantities are typeset in sans-serif (e.g., e) while
deterministic quantities are typeset in serif (e.g.,e). The pdf of random variable
e given deterministic parameters 8 is written as Pe(e; 8). where the subscript
is sometimes omitted when the meaning is clear. Column vectors are typeset
in boldface lower-case (e.g.,y or y), matrices in boldface upper-case (e.g.,X
or X). and their transpose is denoted by ( )T For vector y
[Yl, ... , Y N]T,
Y m n refers to the subvector [Ym , ... , Yn]T Finally, N(a; b, C) is the
multivariate normal distribution, a function of the vector a, with mean b
and covariance matrix C, while ¢C) and <PC) denote the standard normal
pdf and cdf, respectively.
-
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dimensional case of interest, we turn to a recently developed
approximation: the sum-product variant of GAMP [10], as
specified in Algorithm 1. There, the expectation and variance
in lines 5-6 and 16-17 are taken elementwise w.r.t. the GAMP
approximated marginal posterior pdfs (with superscript k de
noting the iteration)

q(zm I p�, T;m)= pYmlzm (Ymlzm)N(zm;P�, T;,J C;1
q(Wn I f�, T:n)= PWn(wn)N(Wn; f�, T:n) c:;;I

Yt

Pylz
(a) Full

(b) Reduced

Fig. I: Factor graph representations of the integrand of (6), with white/grey
circles denoting unobserved/observed random variables,and rectangles denot
ing pdf "factors ".

known PYmIZm' We then consider the problem of computing the
classification-error-rate minimizing hypotheses {yd�tJ+l'

Yt= argmax PYtIYLM (YtIYl:M;X),
y,E{ -1,1}

(3)

with appropriate normalizations Cz and Cw, and the vector
vector multiplications and divisions in lines 3, 9, 11, 12, 14,
13, 20 are performed elementwise. Due to space limitations,
we refer the interested reader to [10] for an overview and
derivation of GAMP, to [13] for rigorous analysis under large
i.i.d. sub-Gaussian X, and to [14] for fixed-point analysis
under arbitrary X.

Algorithm 1

Matrix X, priors Pwn(-)' activation functions
PYmlzm (Yml·), and mode E {SumProduct,MaxSum}
Initialize- k +-- O', S-I+--0', S+--IXI2., W°+--O'' TOw +--1
I: repeat

3:

Tk +-- S Tk
pk +--Xtbk _ sk-l T�

4:

if

2:

(5)

8:

Cy .£ PYUJ (Yl:M;X), label vector
Y = [Yl, ..., YM+T]T, and constraint set Yt (Y) .£ {y E
{_l,l}M+T S.t. [Y]t = yand [Y]m = Ym 'Vm = 1, . . . , M}
which fixes the tth element of Y at the value Y and the first
M elements of Y at the values of the corresponding training

10:

labels. The joint pdf in (5) factors as

II

m=1

pYmlzm (Ym I x�w)

N

II Pwn(wn)
n =1

zk+--E {zl pk, T�}
T� +-- var{ Z I pk, T�}

7:

else if

11:
12:
13:
14:
15:
16:

(6)

due to the linear model (1) and assuming a separable weight
vector prior, i.e., Pw(w)= TI�=I PWn(Wn)'
The factorization (6) is illustrated using the factor graph
in Fig. la, which connects the various random variables to
the pdf factors in which they appear. Although exact com
putation of the marginal posterior test-label probabilities via
(5) is computationally intractable due to the high-dimensional
summation and integration, the factor graph in Fig. la suggests
the use of loopy belief propagation (LBP), and in particular
the sum-product algorithm (SPA) [11], as a tractable way to
approximate these marginal probabilities. Although the SPA
guarantees exact marginal posteriors only under non-loopy
(i.e., tree-structured graphs), it has proven successful in many
applications with loopy graphs [12].
Because a direct application of the SPA to the factor graph
in Fig. la is itself computationally infeasible in the high-

end if

T� +--l/T� - T�/(T�)2
sk +-- (zk - pk)/T�
T� +--l/(ST T�)
fk +-- wk + TkrXTsk
if

SumProduct then
wk+1 +-- E{ wi fk, T�1

T�+1 +-- var{ WI fk, T h

17:
18:

else if

20:
22:

MaxSum then

k
wk+1+--prox T riw'n
(fk)
Tkw+1 +-- Tkr prox'T�fwn (fk)

19:
21:

MaxSum then

zk +--prox"'.�fzm (pk)
T� +-- TkPprox'.,. pf
k
zm (pk)

9:

with scaling constant

M +T

SumProduct then

5:

(4)

Py,w(y, w;X)=

Generalized Approximate Message Passing

Input:

6:

J

(8)

•

with Yl:M'£ [Yl,··· , YM]T and X.£ [Xl, ..., XM+T]T. Note
that we treat the labels {Ym};;;!l' as random but the features
{xm};;;!l' as deterministic parameters. The probabilities in
(3) can be computed via the marginalization

PYtlYLM (YtIYl:M;X)= PY,ohM (Yt, Yl:M;X)Cy1
= Cy1 L
Py,w(y, w;X) dw
,
yEYt{y )

(7)

end if

k +-- k + 1
Terminated

23: until

Applying GAMP to the classification factor graph in
Fig. la and examining the resulting form of lines 56 in Algorithm 1, it becomes evident that the test-label
nodes {Yt}�tJ+ do not affect the GAMP weight estimates
1
(wk, T� ) and thus the factor graph can effectively be simpli
fied to the form shown in Fig. Ib, after which the (approxi
mated) posterior test-label pdfs are computed via

PYtIYLM(YtIYl:M;X)

�

J PYmlzm(Ytlzt)N(zt; if', T�) dZt

(9)
where if' and T� denote the tth element of the GAMP vectors

Zk and T�,

respectively, at the final iteration "k

=

and the first two moments of the joint
TIn Pw,,,w�( Wcann, w�)
be computed using [l0, Algorithm 3].

00."

pdf

B. Max-Sum GAMP

An alternate approach to linear classifier design is through
the minimization of a regularized loss function, e.g.,

M

W

N

= argmin
2..: fZm(x�w) + 2..:fwn(wn),
wEIRN m=l
n=l

(10)

where fZmO are Ym-dependent convex loss functions (e.g.,
logistic, probit, or hinge) and where
are convex regu
larization terms (e.g.,
AW2 for £2 regularization and
Aiwi for £1 regularization).

fw,,(w) =

fwJ w) =

fwnO

The solution to (10) can be recognized as the maximum
a posteriori (MAP) estimate of random vector w under a
separable prior PwO and likelihood corresponding to (1), i.e.,

M
y
X)
(
=
lw
PYlw
;
(11)
II PYmlzm (Ymlx�w),
m=l
when fzJz)
-logpYm lzm (Ymlz) and fwn(w)
-logPw,,( w). Importantly, this statistical model is exactly the

one yielding the reduced factor graph in Fig. lb.

Similar to how sum-product LBP can be used to compute
(approximate) marginal posteriors in loopy graphs, max-sum
LBP can be used to compute the MAP estimate [15]. Since
max-sum LBP is itself intractable for the high-dimensional
problems of interest, we turn to the max-sum variant of GAMP
[10], which is also specified in Algorithm 1. There, lines 8-9
are to be interpreted as
(12)
(13)
with 0' and 0" denoting first and second derivatives and

proxTj(v) £ argmin
uEIR

(u - V)2]
[f(u) + �
27

prox�j(v) = ( 1 + 7 1" (proXTj( V ))) -\

(14)
(15)

and lines 19-20 are to be interpreted similarly. It is known [14]
that, for arbitrary X, the fixed points of GAMP correspond
to the critical points of the optimization objective (10).
III.

MISCLASSIFICATION RATE V I A

S TATE

EV OLUTION

One of the hallmarks of GAMP is that its behavior in the
large-system limit (i.e., M, N -+ 00 with fixed ratio <5
under i.i.d. sub-Gaussian X is characterized by a scalar state
evolution [10], [13]. We now describe how this state evolution
can be used to characterize the test-error rate of the linear
classification GAMP algorithms described in Section II.

= 1;:J)

The GAMP state evolution characterizes average GAMP
performance over an ensemble of (infinitely sized) problems,
each associated with one realization (y,X,w) of the random
triple (y, X, w). Recall that, for a given problem realization
(y,X,w), the GAMP iterations in Algorithm 1 yield the
sequence of estimates {wk}�l of the true weight vector
w. Then, according to the state evolution, Pw wk(w, wk)
rv

PWn,W�

Suppose that the (y, X) above represent training examples
associated with a true weight vector w, and that ( y, x)
represents a test pair also associated with the same wand with
X having i.i.d. elements distributed identically to those of X
(with, say, variance
The true and iteration-k-estimated test

�).

.

scores are then z
XT w and z'k 6. XT�
Wk, respectIvely. The
corresponding test-error rate3 £k £ Pr{y i=- sgn(zk)} can be
computed as follows. Letting 10 denote an indicator function
that assumes the value 1 when its Boolean argument is true
and the value 0 otherwise, we have

=
6.

=

£k = E {I{y#sgn(zk)}}

J
I{#sgn(2k)} J Py ,zk,z(y,zk,z)dzdzk
yE{-l,l}

= 2..:
= 2..:

yE{-l,l}

III{#sgn(2k)}Py,z(Ylz)pz,zk(z,zk)dzdzk.

(16)
(17)
(18)

Furthermore, from the definitions of (z, Zk) and the bivariate
central limit theorem, we have that

[tk] �N(O,��) =N ( [�] , [�k �k]),

(19)

�

where
indicates convergence in distribution. In [16], it is
shown that the above matrix components are
(20)
(21)
(22)
for label-to-feature ratio <5. As described earlier, the above
moments can be computed using [l0, Algorithm 3]. The
integral in (18) can then be computed (numerically if needed)
for a given activation function Pylz, yielding an estimate of
GAMP's test-error rate at the kth iteration.
To validate the accuracy of the above asymptotic analysis,
we conducted a Monte-Carlo experiment with data synthet
ically generated in accordance with the assumed model. In
particular, for each of 1000 problem realizations, a true weight
vector w E ]RN was drawn i.i.d. zero-mean Bernoulli-Gaussian
and a feature matrix X was drawn i.i.d. Gaussian, yielding
true scores z
Xw, from which the true labels y were
randomly drawn using a probit activation function Pylz' A
GAMP weight-vector estimate WOO was then computed using
the training data
�l:M' X l:M)' from which the test-label es
timates {Yf'}�tHl with yf'
sgn(xI WOO) were computed
and compared to the true test-labels in order to calculate the
test-error rate for that realization. Figure 2a plots the Monte
Carlo averaged empirical test-error rates (dashed) and state
evolution predicted rates (solid) as level curves over different
combinations of training ratio
and discriminative-feature
ratio
where K
Ilwllo and N 1024 . Similarly, Fig. 2b
plots average empirical MSE versus state-evolution predicted
MSE, where MSE
kE{ll woo - wilD.

=

=

�,

=
=
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=

3For simplicity we assume a decision rule of the form yk
sgn(zk),
although other decision rules can be accommodated in our analysis.
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Fig. 2: Test-error rate (a) and mean-squared error (b), versus training-to-feature ratio MIN and discriminative-feature ratio KIN, calculated using empirical
averaging (dashed) and state-evolution prediction (solid),assuming i.i.d Bernoulli-Gaussian weight vectors and a probit activation function.

�

In both Fig. 2a and Fig. 2b, the training-to-feature ratio
increases from left to right, and the discriminative-feature ratio
increases from bottom to top. The region to the upper-left of
the dash-dotted black line contains ill-posed problems (where
the number of discriminative features K exceeds the number
of training samples M) for which data was not collected. The
remainders of Fig. 2a and Fig. 2b show very close agreements
between empirical averages and state-evolution predictions.

%

IV.

GAMP

NONLINEAR STE P S

We now recall some of the weight-vector priors PWn ( .) and
activation functions PYon IZm(Ym I· ) (equivalently, regularizations
fWn 0 and losses fZm 0) commonly used for binary linear
classification, and we describe how GAMP handles them via
the nonlinear steps 5-6, 8-9, 16-17, and 19-20 in Algorithm 1.
For sum-product GAMP, we recall that the mean and variance
computations in lines 5-6 and 16-17 are computed based on
the pdfs in (7) and (8), respectively, and for max-sum GAMP
the prox steps in 8-9 are computed using equations (12)-(13)
and those in 19-20 are computed similarly.
A. Activation Functions

Arguably the most popular activation function for binary
linear classification is the logistic sigmoid [1, §4.3.2]:

PYlz(ylz;ex)

=

1

1 + exp( -yexz)

' YE{-l,l}

(23)

where ex > 0 controls the steepness of the transition. For
logistic sum-product GAMP, the mean and variance (2, Tz)
of the marginal posterior approximation (7) can be computed
using a variational approach described in [16]. For logistic
max-sum GAMP, 2 from (12) solves the scalar minimization
problem (14) with f( u)
-logpylz(ylu;ex) from (23), which
is convex. This 2 can be found via bisection search, by locating
=

1

the root of d�[f( u) + 2 T ( U-V ) ] . The Tz from (13) can then
be computed in closed-form using 2 and 1" 0 via (15).
2

Another popular activation function is the probit [1, §4.3.5]:

Pylz(llz;v)
where

v

>

=

[�N(T;O,V)dT

=

<I>(;V)

(24)

<1>(- Jv) and where
1 - Pylz(llz)
Pylz( -liz)
0 controls the steepness of the sigmoid. In the sum
=

=

product case, the density (7) corresponds to the posterior pdf of
a random variable z with prior N(fj,Tp) from an observation
y
y measured under the model (24), and a derivation in [17,
§3.9] provides expressions for the moments used by GAMP in
lines 5-6 of Algorithm 1. In the max-sum case, (2, Tz) can be
computed using bisection search, akin to that described above.
=

The hinge loss fz.,Jz) £ m ax (O, 1 - Ymz), commonly used
in the support vector machine (SVM) approach to maximum
margin classification [l, §7.1], yields the activation function

pYlz(ylz) ex: exp ( - m ax(O, 1 - yz) ), YE{-1, 1}. (25)
sum-product GAMP, the corresponding (2, Tz) from (7)

For
can be computed in closed-form using a procedure described
in [16], and for max-sum GAMP, the proximal steps (12)-(13)
can be efficiently computed using bisection search.

B.

Weight-Vector Priors

For linear classification and feature selection with N » M,
it is customary to choose a prior PWn 0 that leads to sparse (or
approximately sparse) weight vectors w, as discussed below.
In the sum-product case, this is typical accomplished using
a Bernoulli-p prior, i.e.,

PW.,(w)

=

(1 - 7r)O(w) + 7rPwn(w),

(26)

where 0(-) is the Dirac delta function, 7r E [0, 1] is the
prior probability that wn
0, and Pwn(') is the prior pdf
of wn when non-zero. With GAMP it is common to use
Bernoulli-Gaussian [18], Bernoulli-Gaussian-mixture [19], and
Bernoulli-Laplacian [16], all of which yield (8) with closed
form first and second moments,
Tw).
=

(w,

(w,

In the max-sum case, the GAMP nonlinear outputs
Tw)
are computed just as (2, Tz) are in (12)-(15), but with Pw" ( -)
used in place of Py =lz=(Yml·). Common examples include
fw,,(w)
A11wI for f\ regularization [20], fwn(w)
A2W2
for £2 regularization [10], and fw,,(w)
A11wI + A2W2
for the "elastic net" [21], all of which yield closed-form
implementations of (W,Tw). (See [16] for details.)
=

=

=

V.

AUT OMATIC PARAMETER

WI

/-Ll

As an alternative to CV, we consider online learning of
the unknown model parameters 0 using the method proposed
in [19], [23]. Here, the goal is to compute the maximum
likelihood estimate OML
argmax6 PY (Yi 0), where our data
model implies a likelihood function of the form
=

py (y; 0)

=

1 IIm pYmIZm(YmlxTwi 0) IIn Pwn(wni 0).

(27)

W

Because it is computationally infeasible to evaluate and/or
maximize (27) directly, approximate-ML estimation is per
formed using expectation-maximization (EM) [24], treating w
as the "hidden" data, which yields the iteration-j estimate
oj

=

=

(28)
argmaxEwlY { log Py,w(y, w; 0) I Yi OJ-I}
6
argmax L EZmIY { 10gpy =lz= (YmlZmi 0) I Yi OJ-I}
6
m

LEWnIY { 10gPwn(Wni 0) I Yi OJ-I}.

In this work, we export the EM-GAMP methods from [19],
[23] to the classification setting, which requires deriving the
EM updates for the activation-function parameters, such as a in
the logistic model (23) and v in the probit model (24). Due to
lack of space, we leave the algorithmic details to [16], but we
demonstrate the performance of this approach in Section VI.
VI.

T UNIN G

The activation functions and weight-vector priors described
in Section IV depend on modeling parameters that, in practice,
must be tuned. For example, the logistic sigmoid (23) depends
on a; the probit depends on v; £1 regularization depends on
A; and the Bernoulli-Gaussian-mixture prior depends on 7r
where
parameterizes the weight,
and
the mean, and 0"1 the variance of the lth mixture component.
Although cross-validation (CV) is the customary approach to
tuning parameters such as these, it suffers from two major
drawbacks: First, it can be very computationally costly, since
each parameter must be tested over a grid of hypothesized
values and over multiple data folds. For example, K-fold cross
validation tuning of P parameters using G hypothesized values
of each requires the design and evaluation of KGF classifiers.
Second, leaving out a portion of the training data for CV can
degrade classification performance, especially in the example
starved regime where M « N (see, e.g., [22]).

{WI,/-LI,O"n t=l'

likelihood, Bernoulli-Gaussian-Mixture priors, £1 regulariza
tion), the quantities needed from the expectation in (29) are
implicitly computed by GAMP, making this approach com
putationally attractive. Still, this EM procedure runs GAMP
several times, once for each EM iteration (although not neces
sarily to convergence), thus potentially increasing the runtime
over GAMP without EM.

NUMERICAL

S T UDY

In this section we apply GAMp4 to a text classification
problem. This experiment was conducted on a workstation
running Red Hat Enterprise Linux (r2.4), with an Intel Core
i7-2600 CPU (3.4 GHz, 8MB cache) and 8GB DDR3 RAM.
Other experiments can be found in [16], but they are not shown
here for reasons of space.
We first consider a binary text classification problem based
on the Reuter's Corpus Volume I (RCV1) dataset [26]. As in
[27], [28], newswire article topic codes CCAT and ECAT were
combined to form the positive class while GCAT and MCAT
were combined to form constitute the negative class.s Although
the original dataset consisted of 20242 balanced training
examples of N
4 7236 features, with 677399 examples
reserved for testing, we followed the approach in [27], [28] and
swapped training and testing sets in order to test computational
efficiency on a large training dataset (and thus M 677399).
As in [27], we constructed feature vectors as cosine-normalized
logarithmic transformations of the TF-IDF (term frequency
inverse document frequency) data vectors. We note that the
resulting features are very sparse; only 0. 16% of the entries
in X are non-zero. Finally, we trained linear classifiers (i.e.,
weight vectors) using four GAMP-based methods and three
existing state-of-the-art methods: TRON [29], CDN [27], and
TFOCS [30] in Ll-LR mode. For EM learning we used 5
EM iterations, and for cross-validation we used 2 folds and a
logarithmically spaced grid size of 10.
=

=

Table I summarizes the performance achieved by the re
sulting classifiers, including the test-set classification accuracy,
weight-vector density (i.e., the fraction of non-zero weights),6
and two runtimes: the total runtime needed to train the classi
fier, which includes EM- or cross-validation-based parameter
tuning, and the post-tuning runtime. Although it is customary
to report only the latter, we feel that the former better captures
the true computational cost of classifier design.

(29)

Table I shows all 7 classifiers achieving nearly identical
test-set classification accuracy. However, if feature selection is

Furthermore, to evaluate the conditional expectations in (29),
GAMP's posterior approximations from (7)-(8) are used. It
was shown in [25] that, in the large-system limit, the estimates
generated by this procedure are asymptotically consistent (as
j -+ 00 and under certain identifiability conditions). More
over, it was shown in [19], [23] that, for various priors and
likelihoods of interest in compressive sensing (e.g., AWGN

4 All routines needed to implement GAMP-based classification have been
included in the open-source GAMP matlab software, which can be found at
http://sourceforge.net/projects/gampmatlab/.
5 See http://www.csie.ntu.edu.tw/�cjlin/libsvmtools/datasets/binary.html for
data.
6 Since the weights returned by sum-product BG-GAMP are non-zero with
probability one,the model density is defined as the fraction of posterior support
probabilities p(w" i= Oly) that exceed 1/2.

+

m

Tuning
Classifier
spGAMP: BG-PR EM
spGAMP: BG-HL EM
msGAMP: LI-LR EM
msGAMP: LI-LR xval
CDN
xval
TRON
xval
TFOCS: Ll-LR
xval

Accuracy Runtime (s)
317/57
97.6%
97.7%
468 /93
6841 123
97.6%
97.6% 3068 / 278
12981 112
97.7%
97.7%
16821 133
97.6%
1086/ 94

Density
11.1%

[8]
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the goal, then weight-vector density is also important, and for
this we see significant differences among algorithms. Notably,
the two most discriminative (i.e., sparse) classifiers are the
result of EM-GAMP methods. We attribute this sparsity in
large part to EM-tuning, since Table I shows that when cross
validation is used in place of EM-tuning with Ll-LR GAMP,
the weight vector is twice as dense.
Table I also shows a wide range of runtimes. Among the
post-tuning runtimes, the two fastest are EM-GAMP based.
Moreover, among the total runtimes, the three fastest are EM
GAMP based, with the best (at 317 seconds) beating the
fastest non-GAMP algorithm (at 1086 seconds) by more than
a factor of 3. That said, some caution must be used when
comparing runtimes. For example, while all algorithms were
given a "stopping tolerance" of 10-3, the algorithms apply
this tolerance in different ways. Also, CDN and TRON are
implemented in C++, while GAMP is implemented in object
oriented MATLAB (and therefore is far from optimized).
Finally, we note that, although GAMP was derived under
the assumption that the elements of X are realizations of a
an i.i.d. sub-Gaussian distribution, it worked well even with
the X of this experiment, which was far from i.i.d. sub
Gaussian. We attribute the robust performance of GAMP to
the adaptive damping mechanism included in the GAMPmatlab
implementation (described in [31]).
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