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Abstract how, given a pre-defined parameterized preference function,
the parameters can be automatically learned from historical
data. A heuristic greedy method is then used to select an item
subset from a larger ground set, trying to maximize the util-
ity associated with the pre-defined (with learned parameters)
preference functiobdesJardingt al, 2004.

In our work we assume that for each ground set of items, a
singlemost preferred optimal subset exists according to some
(unknown) preference function, and we want to build a model
that can predict the subset as close as possible to the optimal
one. Given the wide range of (unknown) preference func-
tions, it is difficult to define a priori theight parameterized
family of functions. In order to circumvent this intermedi-
ate step, we discriminatively learn to predict the optimal sub-
sets from historical datasets, using structural machine learn-
ing, without explicitly assuming a pre-defined parameterized
preference function over sets of items. As no explicit pref-
erence function is assumed during learning, our performance
1 Introduction evaluation is based on a set similarity measure. To the best of
fur knowledge, our approach is the first one to formulate this

Many interesting problems can be abstracted as finding a bl the task of | ing t dict timal subset
optimal subset of items that maximizes the utility induced byPOP!€M as the task of iearning 1o predict an optimal SUbse
hat maximizes a set similarity measure, without an explicit

a preference function defined over individual items or setd X ;
reference representation. We solve the structural learning

of items, given a larger ground set. Examples range fro ; . .
g ger g P 9 r the optimal subset selection problem using Structural Sup-

real-world scenarios, such as recommending movies from . . 2
list of titles or buying the weekly groceries from a supermar-port Vector Machines, for which we guarantee that learning is

ket among aisles of alternatives, to the more general binar%jrformed in polynomial time and testing inference is exact,

We study the problem of learning an optimal subset
from a larger ground set of items, where the opti-
mality criterion is defined by an unknown prefer-
ence function. We model the problem as a discrim-
inative structural learning problem and solve it us-
ing a Structural Support Vector Machine (SSVM)
that optimizes a “set accuracy” performance mea-
sure representing set similarities. Our approach de-
parts from previous approaches since we do not ex-
plicitly learn a pre-defined preference function. Ex-
perimental results on both a synthetic problem do-
main and a real-world face image subset selection
problem show that our method significantly outper-
forms previous learning approaches for such prob-
lems.

knapsack and set covering problems. We note that selectirfg/€" With an exponential number of candidate subsets. Our
periments are conducted using both a synthetic dataset and

a subset of items from a larger ground set based on a pre : .
erence function is different from ranking the items and sed real-world face image dataget. A total of 8 subset selection
sks are used for the evaluation. Our method outperforms the

lecting the top items to include in the subset, since choice ; - e . ;
may interact with each other. For example, when selectPrevious approach significantly in all tasks in terms of several
j ' set similarity measures.

ing what to take on a backpacking trip, a bottle of water
can be most essential (thus ranked highest), but two bottles ) )

of water may be less preferred than a bottle of water and Optimal Subset Learning

an apple. This example is also known as puetfolio ef- .

fect In addition, because items in the optimal subset are2'1 Problem Formulation

normally equally preferred, learning a total ranking of itemsLet X' denote the space of possible ground sets &g the

may not be possible. The problems of preference represespace of subsets given a ground set X. We assume all
tation have been studied in the literatU@rafmanet al,  possible subsets are legitimate|§g¢=)| = 2/*!. In addition,
2006a; desJardins and Wagstaff, 2005; Freendl, 2003; let S(X) = [J,c» S(z). An example instance is illustrated
Domshlak and Joachims, 2005The problem of comput- in Figure 1,where the ground set consists of six face images
ing the optimal subset, assuming a completely known prefand the two optimal subsets correspond to two very different
erence function, has also been studiBohshtoket al, 2007;  kinds of preferences on the same ground set.

Price and Messinger, 20D5 Recent work has also shown  The learning problem can be formulated as follows: we
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The differences of the loss functions are illustrated in Fig-
ure 2, where the true optimal subset size is 20, and the size
Figure 1: Optimal Subset Example of the overlap of the optimal and predicted subsets is a con-
The two subsets correspond to two user preferencdsall face  Stant 10. Both Jaccard and F1 loss increases as the predicted
images that can be used as passport photos (looking straight afiZ€ increases, while the set loss is indifferent until the size
no sunglasses);2-if there are more angry faces than happy faces,of the predicted subset reaches that of the optimal subset. We
choose all angry faces, otherwise all happy faces that are with suprefer set loss in our problem setting because it encourages
glasses or looking up. the model to aggressively select more items into the subset

to achieve a larger overlap between the predicted set and the
are givenn Supervised training Setgjz(’yi), wherez; is the optlmal one when the SlZ.eS of tWO sets do not differ S|gn|f|—
ith ground set of items ang is the optimal subset computed cantly. For example, consider the instance where the true op-
from some implicit user preferences according to the groundimal subset ig(1,2,3; for a much larger ground set, and the
setz; with y; C z;; each item € z; is represented as a real two predicted subsets afe = {1} andy, = {1,2,4,5,6}.
valued feature vector; the goal is to learn a functiont —  Intuitively we prefery, overy; as it contains more informa-
S(X) which, given a new unseen ground setpredicts the tion included in the optimal set. The Jaccard loss and F1-loss
subseg of z that minimizes the expected value of a set sim-Will have the same penalty on both predicted subsets, while
ilarity loss A(y, 7), wherey is the optimal subset computed Set loss penalizeg more. Nevertheless, we will also mclude_
from z if we knew the underiying |mp||c|t user preferences_ the Jaccard Index and the F1-score as performance evaluation
As the distribution of instances it is largely unknown, we —Mmetrics in the experiment section.

instead construct the functiofi X — S(X) that minimizes i i
the empirical risk 2.3 Structural Learning Formulation

\ 1" The optimal subset learning problem naturally falls into the
RA(S) == Ay, f(x:) (1) structured learning regime, as the input and output are sets
i of objects that can interact with other objects in the ground
whereA : S(X) x S(X) — R is the loss function that pe- set. We propose to solve it using structural SVM for optimal
nalizes predicting (z;) as the optimal subset. subset learning (SVMy), formulated as follows:
29 The Loss EunctionA OPTIMIZATION PROBLEM SVMopg

n
We define the loss functiol\(7,v;) = 1 — o(9,y:) My 0 1||w||2+g25i 2)
with a(yl,y2)=%, assumingmax(|y1 |, |y2])>0. 2 et
o(y1,y2) is our measure for set similarity which we refer to st. V1<i<n,VjeS(x):
asset accuracy Note thato(y,y2) is the minimum of the -
precision and recall scores given sgisandy,. Averaged w (s, y:) > w' b, ) + AG yi) — & (3)

over multiple instances, set accuracy is upper bounded by . _ o _
the average precision and recall scores. This similarity mea- ¢(x,y) in (3) is the feature map jointly defined by a ground
sure differs from two other often used set similarity measuresset and a candidate subset. It is a well-known result in the

namely the Jaccard Index define 7 — lwmowe| ang multiclas_s setting that for any feasibl_e solutia_n and &,
Y dAs:, y2) vV >, & is an upper bound on the training loss, independent

F AT . 2 : .. .
the Dice’s coefficientD (y1, yo) = :ir22l , which can be  of the prediction functiorf. The same result holds for our
shown to be equal to the F1-score in our problem setting.  structural learning setting, as we can use simple arithmetic to




show that given training set«,y) and arbitraryy € S(X), we define
a = |y Ny, the size of overlap between subgeandy; and

Z &2 Z Alf(wi;w),vi) () b = |g Ny, the size of overlap of complement gfandy in

x; andn = |z|, the size of the ground set. We can show:

®)

After the Welght vectorw is optimized in the above
guadratic formulation, the linear discriminant score for pre- AGy)=1—
dicting subsety as the optimal subset for ground sefis mazx(lyl,n — [y| +a —b)
T (z,y;w) = w' ¢(z,y), and the functiory we use to pre-
dict subsets for an arbitrary ground set is:

a

and solve (6) optimally in polynomial time @(?) using Al-
gorithm 2 in[Joachims, 2005as follows: since botlx and
f(z;w) = arg max T (z,y;w) (5)  bcan only take values if0,. . .,n}, A(y, y) can have at most
yeS() O(n?) different values. In addition, if andb are fixed, we
Lo can construoﬁto maximizeT (z, y; w) in (6) easily: we rank
2.4 Optimizing for SVMos allitemsinz accordmg to the sconeW) ). Selectu highest
There are an exponential number of constraidty'(, 21*:/)  scored items iny to include ingj, and do not select any of the
in (3), which is the main difficulty in solving SVis op- b lowest scored items im — y in . For the resth —a — b
timally. We use Algorithm 1, a cutting plane algorithm pro- items, choose to include the itemgrif and only if it is not in
posed i Tsochantaridiet al., 200 to solve SVMys within 4. By iterating through legitimate values afandb, we can
atolerance from optimality. Algorlthm literatively adds the find the most violated constraint id(n?) time with efficient
most violated constraint to the initially empty working set of implementation During the testing phase the optimal subset
constraints to be optimized. that maximizes equation (5) {8€ z: w v(I) > 0}.
Theoretically, givenR = max; 4| ¢(xi, yi) — é(xs, y)l,
A = max;, A(y;,y) and a fixede, Algorithm 1 stops af- 3 Preference Formalism

. N N2 . . .
ter adding at mosinax{222, 841} constraints, with the ~ So far we have concentrated on the structural learning algo-
solution e-close to optimality. The proof can be found in rithm, while being vague about the definition of preferences.

[Tsochantaridi®t al, 2003. Naturally, a preference: X — S(X) is a function that maps
any ground set int’ to its optimal subset i5(X). With-
Algorithm 1 Cutting plane algorithm to solve SViyk out loss of generality, we also assume that given a subset
12 INpUt: (z1,91), - - -+ (Tns Yn), C' € y € S(z), itis easy to test ify = p(z). In fact, we will
2. P (foralli=1,....n show that the decision version of computing the optimal sub-
3: Initialize w set given the preferengeand a ground setis NP-complete
4: repeat in the following.
5. fori=1,..,ndo Definition. SUBSET COMPUTATION PROBLEM (SCP)
6 H(y) =Aly,y:) + 7T (z,y;w) — T (x,y;; w) Input: ground set:, preference, an item k z
7: computey = arg max,cs(s,) H(y) Decision Question: Isd p(x)?
8:  compute; = max{0, maxyep, H(y)} Lemma. SCP isNP-complete
9: if H(y) > ¢ +ethen
10: P, — P, U{y} Proof. This can be shown by reducing the binary knapsack
11: w « optimize the dual of SVMg over problem to SCP. The details are omitted due to space con-
P=U,P; straints. O
12: end if

Therefore, for the experiment dataset construction, we fur-
ther restrict that given preferenpeand ground set, the op-
timal subset can be efficiently computed, for example in low
order polynomial time. This restriction on the preference is

Consequently, the polynomial runtime of Algorithm 1 is for computational purposes of the experiment dataset, but it is
ensured if the “most violated” constraint, among the expo-not a limitation of our learning algorithm. If an oracle exists

13: end for
14: until no P; has changed in the current iteration

nential number of constraints, i.e., to produce the optimal subset given groundseind unre-
N N stricted preference, SVMgg is able to learn to predict the
arg max 7 (z,y;w) + Ay, y) (6)  optimal subset.
yeS(x)
can be computed in polynomial time. 4 Related Work

In our problem setting, each itehis represented as a real . . L
valued vectow(I) € R. We define the feature map to be: [Domshlak and Joachims, 200@&arns a linear discriminant

ordinal utility function from a set of qualitative preference
oz, y) = ZU(I) — Z v(I) (7)  statements by a non-parametric model similar to hard mar-

gin SVM ordinal regression. The obtained utility function
essentially specifies an item-wise preference partial ordering.
If item | is selected in subset, it contributesw 'v(I) to  In addition to the fact that our model is based on structural
T (x,y;w), otherwise its contribution is-wv(I). For a learning, their focus is not on learning an optimal subset.

Iey Iex—y



[Brafmanet al., 20063 proposed a general way to specify
preferences over sets of items. It first defines item properties
from the attribute values of an item. The set properties are

Table 1: Dataset Size of Each Preference Learning Task

defined based on item properties and the set preferences are_ EXPeriment| n _ m _ card. K fea.
specified over set property values using TCP-fiBtafman Face Imageg 200 100 100  variable 960
et al, 20068 that yield a partial ordering. While the em- Toy Blocks | 100 100 100 20 4

phasis oflBrafmanet al, 20064 is the representation of set

preferences, in our study we emphasize not the exact repre- .

sentation of set preferences, but the discriminative model i® EXperiment

order to Ie_arn the most preferred set of items to maximize_ssl Dataset Description
set similarity measure, as we assume preferences are implicit
and can take various forms. The main experiments are based on the CMU face image

[Binshtok et al, 2007 extends the work ofBrafmanet ~ dataset we obtained throughsuncion and Newman, 2007
al., 20064. They concentrate on the computational aspect his data set contains face images of 20 different people with
of the NP-hard optimal subset selection after the set prefenarious poses (straight, left, right or up); expressions (neu-
ences are given in the formalism Brafmanet al, 20064.  tral, happy, sad or angry), and eyes (open or with sunglasses).
They showed that they can improve the heuristic search ovdgach person has 28 to 32 quality face images. Each grey-
the property value method first pursued[Brafmanet al, ~ Scale image contains 32*30 pixels and a pixel is represented
20063, by carefully designed pruning mechanisms that ef-Using its integer intensity in the range [0,255]. To construct
ficiently rid many sub-optimal property combinations. They the experiment dataset for optimal subset learning, we sepa-
also proposed a new search over sets heuristic that deals witfte the 20 people into two disjoint groups of size 12 and 8
more genera' preference mode|s_ Their Work C|ear|y d|f_t0 ConS_tr!JCt the tra|n|ng and teStIng sets. In Ord.er to generate
fers from ours, as no learning is involved and the preferenc€neé training example, we randomly sample 100 images of the
model is pre-defined. 12 people, and compute the optimal subset using the prefer-

[Yue and Joachims, 20D8earns to predict a subset of €nces we will describe soon. The test setis generated in _the
documents that is as diversified as possible using structuretMe manner on the other 8 peoples’ images. 200 training
SVM. The diversity measure is defined as a linear functiors€ts and 100 test sets, each with one ground set and an op-
using a structured feature space that encodes the benefit #1al subset, are generated for every preference task 1-5. A
covering individual words. In our paper we deal with a moretotal of2_* 10 images (with repetitions) are used to construct
general problem by optimizing the set accuracy metric, as dith€ training set for each task. _ ,
versity can be defined as a particular preference. The synthetic dataset was first used desJardinet al,

[desJardins and Wagstaff, 200®presents the preference 2004. This dataset concerns Ie_arnlng _optlm_al subsets of toy
over sets of items by “depth” preferences and “diversity”bIOCkS- Eech toy block is deser|bed using 4 mt_egervalues to
preferences. The objective value of a given preference anggPresentits size, number of sides, color and bins. For task 6-
a subset of items is a linear combination of its “depth” valueS, We obtained 100 training sets and 100 testing sets using the
and “diversity” value. While “depth” can be decomposed into Plock generator fronjdesJardinet al, 2004. Each training
a weighted sum of functions on item features, “diversity” is and test set contains 100 blqcks as the ground set, anq the size
measured with a combination of item features and subset fe&f the optimal subsets are fixed at 20 due to the requirement
tures. They also proposed several greedy methods to finfaf DDpref. The scale of the blocks dataset exceeds that used
optimal subsets with known preferences, and compared th& [desJard|_net al, 2004. _ _
objective value of subsets found by greedy and exhaustive Table 1 gives the summary of the experiment dataset size
search methods which showed that the greedy methods c&h a single preference learning task in terms of the number of
find near optimal subsets much more efficiently than the ex{raining sets«), the number of test setsn(, the number of
haustive search. The preference representation is consider&@Mms in each train/test set-d.), the size of optimal subsets
more specific thafiBrafmanet al, 20064 by [Binshtok et El;) ar)ld the number of features to describe an item in the set
al., 2007. fea). _

[desJardinst al, 200§ extendddesJardins and Wagstaff, ~ 1he different underlying preferences to generate the
2004, in which a preference learning mechanism (denoted,jataset foIIOW|r_19 our preference formalism in section 3 are
DDpref) is introduced to learn the preference parameter sted below, with the first 5 preferences on the face images
for the model proposed ifdesJardins and Wagstaff, 2005 dataset and the last 3 on the toy blocks dataset:

DDpref learns depth preferences through kernel density es-1. (Independent of ground set) Choose all images that are
timation (KDE) [Parzen, 196Pand diversity preferences by open, straight, and happy or neutral.

maximuma posterioriestimation. The experiments showed
how DDpref improves the objective value of learned prefer-
ences as training set size increases. To our knowledge DDpref
is the only existing method that learns user preferences from
sets of objects and can predict optimal subsets for new ground3. (Dependent) If the ground set has fewer happy faces
sets of items. Therefore, we will compare our experimental  than sad ones, chose happy images; otherwise choose
results with DDpref’s. sad faces.

2. (Dependent) If the ground set has more images with peo-
ple wearing sunglasses than open face, choose all left,
otherwise choose all right.



Set Accuracy Evaluation

-
s 1 Task SVNios DDpref

Prec. Rec. F1 Jac¢Prec/Rec/F1 Jacc.
6 [33.44 49.75 39.80 26.02 25.55 16.05
7 |164.63 74.05 68.59 52.95 21.04 12.44
8 [52.03 73.85 60.73 44.48 34.42 23.63

~
=]

Table 3: More Evaluation Metrics on Blocks Dataset
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Again, both SVMys and SVMy predicted better subsets
than DDpref in terms of the set accuracy measure.
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5.3 More Evaluation Metrics

Results on Precision, Recall, F1 Score and Jaccard Index
Other than the proposed set accuracy measure, we also eval-
Figure 3: Set Accuracy Comparison uated the experiment performance of SyMand DDpref
using the other metrics discussed in section 2.2 to provide a
more complete view, namely the precision and recall accu-
4. (Dependent, reverse of task 2) If the ground set has morgy ¢y the F1-score and Jacaard Index. All performance mea-
left than rightimages, choose all open, otherwise choosgres are calculated using the optimal subset and the predicted
all sunglasses one from each test set, and are averaged over 100 test sets. Ta-
5. (Complex Dependent) If open and happy images consigéles 2 and 3 present the results when the best set accuracy is
of more than 30% of ground set, and sad and sunglasgchieved for both SVMs and DDpref.
images are fewer than open and happy, choose all sad, We can conclude from Table 2 that S\YM outperforms
otherwise all angry images. DDpref in all four metrics. The only exception is task 3,
where DDpref achieves better recall and F1-score.
; X . _ . In Table 3 the precision, recall and F1 scores for DDpref
colored, medium-sized blocks with few sides for a child .o exactly the same in each task, as DDpref always predicts
to grasp. the subset with the same cardinality as the optimal subset for
7. (BlocksMosaig Want to create a mosaic with blocks of a fixed K=20. SVMos achieves higher scores for all metrics
various shapes, with emphasis on simple, small blocks.in the three tasks.

We note that both DDpref and SV also learn a prefer-
ence ranking order over items. In this paper, we focus on the
performance of predicting the optimal subset and therefore do
not compare the ranking performance, which can be defined
5.2 Set Accuracy Result separately.

The results are summarized in Figure 3. All performanc

measures are averaged over the 100 test sets for each task.ee\(;i
the first five tasks on face images, S¥M reports the best ¢
set accuracy results by varying tiie parameter from0—¢
to 10*. We also included the results where thigparameter
is chosen from 5-fold cross validation on the training set (
noted by SVM:v). For DDpref, we report the best results
obtained from extensively tuning the and K parameters,
whereq is the tradeoff constant between diversity and dept
preferences an& is the required size of predicted subsets.
The difference in performance between SyMand DDpref
for all tasks except task 3 is significant at the 0.01 level wit
a signed rank test. Difference in task 3 is significant at the O
level. SVMys outperforms DDpref in all five tasks, while
SVM¢y outperforms DDpref other than task 3, in which the
cross validation happens to find a substantially suboptithal
setting. For other tasks, the cross validation on the trainin
set often finds the best parameter.

For the three toy block tasks, we supplied DDpref with the
true optimal subset sizE=20 as it is a constant for the gen- .
eration of the dataset. Thus, DDpref will always predict 8@ ~Conclusion
subset with the same cardinality as the true optimal subseln this paper we propose a new approach for the optimal sub-
All performance differences are significant at the 0.01 levelset selection problem. We model the problem as a structural

o

Task

6. (Blocks Child) Want to choose a variety of multi-

8. (Blocks Towel) Want to build a uniform tower with
large, similar-sided blocks of the same color.

lability Comparison
study the scalability behavior by comparing the training
time for both SVMy,s and DDpref. Apart from the fact that
SVMyyg is implemented in C++ and DDpref in Java, we ob-
Ole_served that SVM is orders of magnitude faster than DDpref
during training. Although the training time depends on the
particular parameter settings, in general SyMusually re-
rguires less than 10 minutes to train while the training time
required by DDpref can be more than 10 hours on a machine
with a 3.8GHz Intel CPU and 8GB memory. Figure 4 shows
hthe detailed training time against different training set sizes
Ior task 5, where the parameters are set to provide the best set
“accuracy. Both methods appeared to scale linearly in our ex-
periments. During the testing phase, S¥Mhas a runtime
linear in the number of test cases, and DDpref uses a greedy
ethod to select the optimal subset from the learned prefer-
nces. Both SVMg and DDpref are efficient in the testing
phase in terms of runtime.



Table 2: Precision, Recall, F1-Score and Jaccard Index Performance on Face Dataset in Percentage

Task SVMos DDpref
Prec. Rec. F1  Jacg.Prec. Rec. F1  Jacc.
1 3598 51.39 4059 27.6911.50 19.77 1454 8.45
2 |4591 70.88 54.12 38.9530.40 48.99 37.52 23.26
3 |23.75 35.17 27.07 16.6/720.40 42.47 27.56 16.18
4 |169.95 51.19 58.43 42.1249.00 48.49 48.74 31.79
5 |2854 60.92 37.79 24.2324.33 52.24 33.20 20.38
o _ Training Time Comparison ‘ ence of the Association for the Advancement of Artificial
f:gmi JEEDENE Intelligence (AAAL)2006.
L 3 [Brafmanet al., 20068 Ronen I. Brafman, Carmel Domsh-
e lak, and Solomon E. Shimony. On graphical modeling of
g“’g a 3 preference and importancelournal of Al Researgh25,
g 2006.
£ ISP [desJardins and Wagstaff, 2§0Marie  desJardins  and
Fwl 7 ] Kiri L. Wagstaff. Dd-pref: A language for expressing
< preferences over sets. Gonference of the Association for
w0 b : the Advancement of Artificial Intelligence (AAAZDO5.
} ‘ ‘ ‘ ‘ [desJardinst al, 2004 Marie desJardins, Eric Eaton, and
o N 200 Kiri L. Wagstaff. Learning user preferences for sets of
’ objects. InProceedings of the International Conference
Figure 4: Scalability of SVM g and DDpref on Machine Learningpages 273-280, 2006.

[Domshlak and Joachims, 200%. Domshlak and

learning problem that maximizes set similarity between the 1- Joachims.  Unstructuring user preferences: Effi-
predicted subsets and the optimal ones. While previous work Ci€nt non-parametric utility revelation. — I€onference
requires an explicit preference representation, our discrimi- ©n Uncertainty in Artificial Intelligence (UAJ) pages
native learning model SVMs only assumes the existence 169-177, 2005.

of implicit user preferences. Our model therefore does nofFreundet al, 2003 Yoav Freund, Raj lyer, Robert E.
need the intermediate step of learning the parameters of a Schapire, and Yoram Singer. An efficient boosting al-
pre-defined preference function. Experiment results on a va- gorithm for combining preferenceslournal of Machine
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ference on Machine Learning (ICMLpages 377-384,
Acknowledgments 2005.

We thank Thorsten Joachims for the discussions on strudParzen, 1962 Emanuel Parzen. On estimation of a proba-
tured learning methods. We also thank the reviewers for their pility density function and modeThe Annals of Mathe-
comments and suggestions. This research was supported by matical Statistics33:1065—1076, 1962.

AFOSR grant FA9950-08-1-0196, NSF grant 0713499, andp e 5nq Messinger, 20D3Bob Price and P. R. Messinger.

NSF grant 0832782 Optimal recommendation sets: Covering uncertainty over
user preferences. Im Proceedings of the Twentieth Na-
References tional Conference on Atrtificial Intelligencgages 541—
[Asuncion and Newman, 20D7A. Asuncion and 548, 2005.
D.J. Newman.  UCI machine learning repository, [Tsochantaridi®t al, 200§ . Tsochantaridis, T. Joachims,
www.ics.uci.edutmlearn/MLRepository.html, 2007. T. Hofmann, and Y. Altun. Large margin methods for
[Binshtoket al, 2007 Maxim Binshtok, Ronen I. Brafman,  structured and interdependent output variablesirnal of

Solomon E. Shimony, Ajay Martin, and Craig Boutilier. = Machine Learning Research (JMLR1453-1484, 2005.

Computing optimal subsets. @onference of the Associa- [Yue and Joachims, 20D8visong Yue and Thorsten

tion for the Advancement of Artificial Intelligence (AAAI)  Joachims. Predicting diverse subsets using structural

2007. svms. Ininternational Conference on Machine Learning
[Brafmanet al, 20064 R. |. Brafman, C. Domshlak, S. E.  (ICML), 2008.

Shimony, and Y. Silver. Preferences over setsCémfer-



