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Abstract

We investigate using gradient descemh meth-
ods for learning ranking functions; we pro-
posea simple probabilistic costfunction, and
we intro duce RankNet, an implemertation of
these ideas using a neural network to model
the underlying ranking function. We presen
test results on toy data and on data from a
commercial internet seart engine.

1. Intro duction

Any system that preseris results to a user, ordered
by a utilit y function that the user caresabout, is per-
forming a ranking function. A common example is
the ranking of seard results, for example from the
Web or from an intranet; this is the task we will con-
sider in this paper. For this problem, the data con-
sists of a set of queries, and for ead query, a set
of returned documerts. In the training phase, some
query/documert pairs are labeled for relevance (\ex-
cellert match”, \good match", etc.). Only those doc-
uments returned for a given query are to be ranked
against eat other. Thus, rather than consisting of a
single set of objects to be ranked amongstead other,
the data is instead partitioned by query. In this pa-
per we proposea new approac to this problem. Our
approac follows (Herbrich et al., 2000) in that we
train on pairs of examplesto learn a ranking function
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that mapsto the reals (having the model evaluate on
pairs would be prohibitiv ely slow for many applica-
tions). However (Herbrich et al., 2000) cast the rank-
ing problem as an ordinal regressionproblem; rank
boundariesplay a critical role during training, asthey
do for seweral other algorithms (Crammer & Singer,
2002; Harrington, 2003). For our application, given
that item A appears higher than item B in the out-
put list, the user concludesthat the system ranks A
higher than, or equalto, B; no mapping to particular
rank values, and no rank boundaries, are needed;to
castthis asan ordinal regressionproblem is to solve an
unnecessarilyhard problem, and our approac avoids
this extra step. We also proposea natural probabilis-
tic cost function on pairs of examples. Such an ap-
proach is not specic to the underlying learning al-
gorithm; we choseto explore these ideas using neural
networks, sincethey are exible (e.g. two layer neural
nets can approximate any bounded cortinuous func-
tion (Mitc hell, 1997)), and sincethey are often faster
in test phasethan competing kernel methods (and test
speedis critical for this application); however our cost
function could equally well be applied to a variety of
machine learning algorithms. For the neural net case,
we show that badkpropagation (LeCun et al., 1998)is
easily extendedto handle orderedpairs; we call the re-
sulting algorithm, together with the probabilistic cost
function we describe below, RankNet We presern re-
sults on toy data and on data gathered from a com-
mercial internet seard engine. For the latter, the data
takesthe form of 17,004 queries, and for ead query,
up to 1000returned documerts, namely the top docu-
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ments returned by another, simple ranker. Thus eadh
guery generatesup to 1000feature vectors.

Notation: we denotethe number of relevancelevels (or
ranks) by N, the training sample sizeby m, and the
dimension of the data by d.

2. Previous Work

RankProp (Caruana et al., 1996) is also a neural net
ranking model. RankProp alternates between two
phases:an MSE regressionon the current target val-
ues,and an adjustment of the target valuesthemselhes
to re ect the current ranking given by the net. The
end result is a mapping of the data to a large num-
ber of targets which re ect the desiredranking, which
performs better than just regressingto the original,
scaledrank values. Rankprop has the advantage that
it is trained on individual patterns rather than pairs;
however it is not known under what conditions it con-
verges,and it doesnot give a probabilistic model.

(Herbrich et al., 2000) cast the problem of learning to
rank as ordinal regression,that is, learning the map-
ping of an input vector to a member of an ordered set
of numerical ranks. They model ranks as intervals on
the real line, and considerloss functions that depend
on pairs of examplesand their target ranks. The po-
sitions of the rank boundaries play a critical role in
the nal ranking function. (Crammer & Singer, 2002)
cast the problem in similar form and proposea ranker
basedon the perceptron (‘PRank’), which mapsa fea-
ture vector x 2 RY to the realswith alearnedw 2 R¢
sudh that the output of the mapping function is just
w x. PRank also learns the values of N increasing
thresholdst by = 1; ;N and declaresthe rank of x
to be min,fw x b < 0g. PRank learns using one
exampleat a time, which is held as an advantage over
pair-based methods (e.g. (Freund et al., 2003)), since
the latter must learn using O(m?) pairs rather than
m examples. Howevwer this is not the casein our ap-
plication; the number of pairs is much smaller than
m?2, since documerts are only comparedto other doc-
umerts retrieved for the samequery, and since many
feature vectors have the sameassignedrank. We nd

that for our task the memory usageis strongly dom-
inated by the feature vectors themseles. Although

the linear versionis an online algorithm?, PRank has
been compared to batch ranking algorithms, and a
guadratic kernel version was found to outperform all
such algorithms described in (Herbrich et al., 2000).

YActually the last threshold is peggedat in nit .
2The general kernel version is not, since the support
vectors must be saved.

(Harrington, 2003) has proposeda simple but very ef-
fective extension of PRank, which approximates nd-
ing the Bayes point by averaging over PRank mod-
els. Therefore in this paper we will compare RankNet
with PRank, kernel PRank, large margin PRank, and
RankProp.

(Dekel et al., 2004) provide a very general framework
for ranking using directed graphs, wherean arc from A
to B meansthat A isto berankedhigherthan B (which
here and below we write as A B B). This approac
can represen arbitrary ranking functions, in particu-
lar, onesthat are inconsistert - for example A B B,
B B C, C B A. We adopt this more generalview, and
note that for ranking algorithms that train on pairs,
all such setsof relations can be captured by specifying
a setof training pairs, which amourts to specifying the
arcsin the graph. In addition, we introduce a prob-
abilistic model, sothat ead training pair fA; Bg has
assaiated posterior P(A B B). This is an important
feature of our approad, sinceranking algorithms often
model preferencesand the ascription of preferenceds
a much more subjective processthan the ascription of,
sa, classes.(Target probabilities could be measured,
for example,by measuringmultiple human preferences
for eadh pair.) Finally, we use cost functions that are
functions of the di erence of the system's outputs for
ead menmber of a pair of examples,which encapsulates
the obsenation that for any given pair, an arbitrary
o set can be added to the outputs without changing
the nal ranking; again, the goal is to avoid unneces-
sary learning.

RankBoost (Freund et al., 2003)is another ranking al-
gorithm that is trained on pairs, and which is closerin
spirit to our work sinceit attempts to solve the prefer-
encelearning problem directly, rather than solving an
ordinal regressionproblem. In (Freund et al., 2003),
results are given using decision stumps as the weak
learners. The cost is a function of the margin over
reweighted examples. Since boosting can be viewed
as gradient descemn (Mason et al., 2000), the question
naturally arisesasto how combining RankBoost with
our pair-wise di erentiable cost function would com-
pare. Due to spaceconstraints we will describe this
work elsewhere.

3. A Probabilistic
Function

Ranking Cost

We consider models where the learning algorithm is
given a set of pairs of samples[A; B] in RY, together
with target probabilities Pag that sample A is to be
ranked higher than sampleB. This is a general for-
mulation: the pairs of ranks neednot be complete (in
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that taken together, they neednot specify a complete
ranking of the training data), or even consistert. We
considermodelsf : RY 7! R sud that the rank order
of a set of test samplesis speci ed by the real values
that f takes, specically, f (x1) > f(x2) is taken to
meanthat the model assertsthat x1 B X5.

Denote the modeled posterior P(x; Bx;) by Py , i;j =

those posteriors. Dene o f(x;) andg;  f(X;)
f (xj). Wewill usethe crossentropy cost function
Cjj C(oj) = Py logP; 1 Pj)log(X Py)
1)

wherethe map from outputs to probabilities are mod-

eled using a logistic function (Baum & Wilczek, 1988)

€
1+ eoi

Pij 2

Cij then becomes

Cj = Pjoj +log(l+ e”) ®)
Note that C; asymptotes to a linear function; for
problemswith noisy labelsthis is likely to be more ro-
bust than a quadratic cost. Also, when P = % (when
no information is available as to the relative rank of
the two patterns), C; becomessymmetric, with its
minimum at the origin. This givesus a principled way
of training on patterns that are desired to have the
samerank; we will explore this belov. We plot C;; as
afunction of o; in the left hand panel of Figure 1, for
the three valuesP = f0;0:5; 1g.

3.1. Com bining Probabilities

The above model puts consistencyrequiremerts on the
Pj , in that we require that there exist 'ideal’ outputs
o; of the model sud that

€l
1+ e

Pij (4)
where g; 6 0. This consistency requiremert
arisesbecauseif it is not met, then there will exist no
set of outputs of the model that give the desired pair-
wise probabilities. The consistencycondition leadsto
constraints on possible choicesof the P's. For exam-
ple, given P; and Py, Eq. (4) gives

_ Pii Pjk
1+ Zpij Pj K Pij Pj K

Pik )
This is plotted in the right hand panel of Figure 1,
for the caseP; = Pjx = P. We draw attention to
some appealing properties of the combined probabil-
ity Py . First, Pk = P at the three points P = 0,

P = 05and P = 1, and only at those points. For
example, if we specify that P(A B B) = 0:5 and that
P(B B C) = 0:5, then it follows that P(A B C) = 0:5;
complete uncertainty propagates. Complete certainty
(P = 0or P = 1) propagatessimilarly. Finally con-
dence, or lack of con dence, builds as expected: for
0< P < 05, then Pk < P, and for 0.5< P < 1.0,
then Py > P (for example,if P(A B B) = 0:6, and
P(B B C) = 0.6, then P(AB C) > 0:6). Thesecon-
siderationsraisethe following question: giventhe con-
sistency requiremerts, how much freedom s there to
choosethe pairwise probabilities? We have the follow-
ing®

Theorem : Given a sample set x;; i = 1;:::;m
and any permutation Q of the consecutiwe integers
f1;2;:::;mg, suppose that an arbitrary target pos-
terior 0 Py; 1is specied for every adjacert pair
k= Q(i);] = Q@ + 1); 1. Denote the
set of such P's, for a given choice of Q, a set of 'adja-
cencyposteriors'. Then specifying any setof adjacency
posteriors is necessaryand su cien t to uniquely iden-
tify a target posterior 0  Pj 1 for every pair of
samplesx;, X;.

Pro of: Su ciency: supposewe are given a set of ad-
jacency posteriors. Without loss of generality we can
relabel the samplessuch that the adjacencyposteriors
may be written Py ; i 1. From Eq.
(4), ois just the log odds:

1 P

0; = log (6)

From its de nition asPa dierence, any oji, j K,
can be computed as km:lJ Omm +1- EQ. (4) then
shows that the resulting probabilities indeed lie in
[0; 1]. Uniquenesscan be seenas follows: for any i; j,
Pj can be computed in multiple ways, in that given
a set of previously computed posteriors Pim ,, Pm,m,,

y Pm,j, then P;j can be computed by rst com-
puting the corresponding ok;'s, adding them, and then
using (4). Howewer sinceox = ok 0, the intermedi-
ate terms cancel,leaving just o; , and the resulting Pj
is unique. Necessiy: if a target posterior is speci ed
for every pair of samples,then by de nition for any Q,
the adjacency posteriors are speci ed, sincethe adja-
cency posteriors are a subsetof the set of all pairwise
posteriors.

A similar argument can be found in (Refregier & Val-
let, 1991); however there the intent wasto uncover under-
lying class conditional probabilities from pairwise proba-
bilities; here, we have no analog of the class conditional
probabilities.
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Figure 1. Left: the cost function, for three values of the target probabilit y. Right: combining probabilities

Although the above gives a straightforward method
for computing P;; given an arbitrary set of adjacency
posteriors, it is instructiv e to compute the P; for the
special casewhen all adjacencyposteriors are equalto
somevalueP. Theno;i+; = log(P=(1 P)), ando;; +n

= Oji+1 t Oepgie2 + + Oi+n Li+n = NG +1 Qives
Pii+n= "=1+ "), where isthe oddsratio =

P=(1 P). The expectedstrengthening (or weakening)
of con dence in the ordering of a given pair, as their

di erence in ranks increases,is then captured by:

Lemma : Let n> 0. Thenif P > , then P, P
with equality whenn = 1, and P;; + , increasesstrictly
monotonically with n. If P < 1, then P;j., P
with equality whenn = 1, and P;; + , decreasestrictly
monotonically with n. If P = % then Pij+n = % for
all n.

Pro of: Assumethat n > 0. SincePjj+n = 151+
(15)"), then for P > 2, L.F < 1 and the de-
nominator decreasesstrictly monotonically with n;
and for P < %, 1,2 > 1 and the denominator in-
creasesstrictly monotonically with n; and for P = %
Pii+n = 3 by substitution. Finally if n = 1, then
Pii +n = P by construction.

We end this section with the following obsenation.
In (Hastie & Tibshirani, 1998) and (Bradley & Terry,
1952), the authors consider models of the following
form: for some xed setof events Aq;:::; Ak, pairwise
probabilities P (A;jjA; or A;j) are given, and it is as-
sumedthat there is a set of probabilities P, suc that
P(AijAi or Aj) = Bi=(P; + P,). In our model, one
might model B; as N exp(o;), where N is an overall
normalization. Howewer the assumption of the exis-

tence of such underlying probabilities is overly restric-
tive for our needs. For example, there exists no un-
derlying B; which reproduce even a simple ‘certain’
ranking P(ABB)=P(BBC)=P(ABC)= 1.

4. RankNet: Learning to Rank with
Neural Nets

The above cost function is quite general; here we ex-
plore using it in neural network models, as motivated
above. It is useful rst to remind the reader of the
badk-prop equationsfor a two layer net with q output
nodes (LeCun et al., 1998). For the ith training sam-
ple, denote the outputs of net by o;, the targets by t;,
let the transfer function of eat nodein tBEJth layer of
nodesbegd , and let the costfunction be [, f (o;;t;).

If  are the parameters of the model, then a gradi-
ent descen stepamourntsto ¢ = —— wherethe

x are positive learning rates. The net errbod|es the
function

0 I 1
X
o = 93@ Wilszgz WJ-Z&XK + q2 + qﬁiA gi3

j k

(7)
wherefor the weights w and o sets b, the upper indices
index the node layer, and the lower indices index the
nodeswithin ead corresponding layer. Taking deriva-
tivesof f with respect to the parametersgives

@ . 8w -
& - % | @®)
@ - 3¢ ©)

32
@vi;
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@ = o | Swid - (10)
@
—— = Xn & (11)
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where X, is the nth componert of the input.

Turning now to a net with a single output, the above
is generalizedto the ranking problem as follows. The
cost function becomesa function of the dierence
of the outputs of two consecutie training samples:
f(o, o01). Hereit is assumedthat the rst pattern
is known to rank higher than, or equal to, the second
(sothat, in the rst case,f is chosento be monotonic
increasing). Note that f can include parameters en-
coding the weight assignedto a given pair. A forward
prop is performed for the rst sample;ead node's ac-
tivation and gradient value are stored; a forward prop
is then performed for the secondsample,and the acti-
vations and gradients are againstored. The gradient of
the costis then % = & @ {0 weusethe same
notation asbeforebut add a subscript, 1 or 2, denoting
which pattern is the argumert of the given function,
and we drop the index on the last layer. Thus, denot-

ingf® f%o, o), wehave

@

@ = fo(gg% QEB) % ? (12)
@

@ - SFm  1%m (13)
m

@

@ - Wik, twadi,  (14)
@
T~ 21 = %mg%n %mg:ll.n (15)

mn

Note that the terms always take the form of the di er-
enceof a term depending on x; and a term depending
on X», ‘coupled’ by an overall multiplicativ e factor of
f O which dependson both*. A sum over weights does
not appear becausewe are consideringa two layer net
with oneoutput, but for more layers the sum appears
as above; thus training RankNet is accomplishedby a
straightforward modi cation of badk-prop.

5. Exp eriments on Articial Data

In this section we report results for RankNet only, in
order to validate and explore the approad.

4One can also view this as a weight sharing update for
a Siamese-lile net(Bromley et al., 1993). However Siamese
nets use a cosine similarit y measure for the cost function,
which results in a di eren t form for the update equations.

5.1. The Data, and Validation Tests

We createdarti cial data in d = 50 dimensionsby con-
structing vectorswith componerts chosenrandomly in
the interval [ 1;1]. We constructed two target rank-
ing functions. For the rst, we useda two layer neural
net with 50 inputs, 10 hidden units and one output
unit, and with weights chosenrandomly and uniformly
from [ 1;1]. Labels were then computed by passing
the data through the net and binning the outputs into
one of 6 bins (giving 6 relevance levels). For the sec-
ond, for eadh input vector x, we computed the mean of
three terms, where eath term was scaledto have zero
mean and unit variance over the data. The rst term
was the dot product of x with a xed random vector.
For the secondterm we computed a random quadratic
polynomial by taking consecutiwe integers1 through d,
randomly permuting then]:to form a permutation in-
dex Q(i), and computing ; X{Xq(). The third term
was computed similarly, but using two random per-
mutations to form a random cubic polynomial of the
coe cien ts. The two ranking functions werethen used
to create 1,000 les with 50 feature vectorsead. Thus
for the seard enginetask, ead le correspondsto 50
documerts returned for a single query. Up to 800 les
werethen usedfor training, and 100for validation, 100
for test.

We chedked that a net with the samearchitecture as
that usedto create the net ranking function (i.e. two
layers, ten hidden units), but with rst layer weights
initialized to zero and second layer initialized ran-
domly in [ 0:1;0:1], could learn 1000 train vectors
(which gave 20,382 pairs; for a given query with n;
documerts with lgbel i =
pairs is 7, (nj ;') with zero error. In all
our RankNet experimerts, the initial learning rate
was set to 0.001, and was halved if the average er-
ror in an epoch was greater than that of the previ-
ous epoch; also, hard target probabilities (1 or 0) were
usedthroughout, exceptfor the experiments in Section
5.2. The number of pairwise errors, and the averaged
cost function, were found to decreaseapproximately
monotonically on the training set. The net that gave
minimum validation error (9.61%) was saved and used
to test on the test set, which gave 10.01%error rate.

Table 1 shaws the test error corresponding to minimal
validation error for variously sized training sets, for
the two tasks, and for a linear net and a two layer net
with v e hidden units (recall that the random net used
to generatethe data hasten hidden units). We used
validation and test sets of size 5000 feature vectors.
The training ran for 100 epochs or until the error on
the training setfell to zero. Although the two layer net



Learning

to Rank using Gradien t Descent

gives improved performance for the random network
data, it doesnot for the polynomial data; asexpected,
a random polynomial is a much harder function to
learn.

Table 1. Test Pairwise % Correct for Random Network
(Net) and Random Polynomial (Poly) Ranking Functions.

Train Size 100 | 500 | 2500 | 12500
Net, Linear 82.39 | 88.86 | 89.91| 90.06
Net, 2 Layer | 82.29 | 88.80 | 96.94 | 97.67
Poly, Linear | 59.63 | 66.68 | 68.30 | 69.00
Poly, 2 Layer | 59.54 | 66.97 | 68.56 | 69.27

5.2. Allo wing Ties

Table 2 comparesresults, for the polynomial ranking
function, of training on ties, assigningP = 1 for non-
ties and P = 0:5 for ties, using a two layer net with
10 hidden units. The number of training pairs are
shown in parertheses. The Table shows the pairwise
test error for the network chosenby highest accuracy
on the validation set over 100 training epochs. We
conclude that for this kind of data at least, training
on ties makeslittle di erence.

Table 2. The e ect of training on ties for the polynomial
ranking function.

All Ties
0.596(2450)

Train Size | No Ties
100 0.595(2060)

500 0.670(10282) | 0.669(12250)
1000 | 0.681(20452) | 0.682(24500)
5000 | 0.690(101858) | 0.688(122500)

6. Exp erimen ts on Real Data

6.1. The Data and Error Metric

We report results on data used by an internet searh
engine. The data for a given query is constructed from
that query and from a precomputed index. Query-
dependert featuresare extracted from the query com-
bined with four di erent sources:the anchor text, the
URL, the documert title and the body of the text.
Some additional query-independert features are also
used. In all, we use 569 features, many of which are
courts. As a preprocessingstep we replacethe courts
by their logs, both to reduce the range, and to al-
low the net to more easily learn multiplicativ e rela-
tionships. The data comprises17,004 queriesfor the

English / US market, eadh with up to 1000 returned
documerts. Weshu ed the data and used2/3 (11,336
queries) for training and 1/6 ead (2,834 queries) for
validation and testing. For ead query, one or more
of the returned documerts had a manually generated
rating, from 1 (meaning 'poor match') to 5 (meaning
‘excellert match’). Unlabeled documerts were given
rating 0. Ranking accuracywascomputed using a nor-
malized discourted cumulativ e gain measure(NDCG)
(Jarvelin & Kekalainen, 2000). We choseto compute
the NDCG at rank 15, a little beyond the set of docu-
ments initially viewed by most users. For a givenquery
G, the results are sorted by decreasingscoreoutput by
the algorithm, and the NDCG is then computed as
»5

20
j=1

Ni N; 1)=log(1+j) (16)

where r(j) is the rating of the j'th documer, and
wherethe normalization constart N; is chosenso that
a perfect ordering gets NDCG score 1. For those
queries with fewer than 15 returned documerts, the
NDCG was computed for all the returned documernts.
Note that unlabeleddocumerts doesnot cortribute to
the sum directly, but will still reducethe NDCG hy
displacing labeled documerts; alsonote that Nj = 1is
an unlikely evert, even for a perfect ranker, sincesome
unlabeled documerts may in fact be highly relevant.
The labelswere originally collectedfor evaluation and
comparisonof top ranked documerts, sothe 'poor' rat-
ing sometimesapplied to documerts that were still in
fact quite relevant. To circumvent this problem, we
alsotrained on randomly chosenunlabeled documerts
as extra examplesof low relevance documerts. We
chose as many of these as would still t in memory
(2% of the unlabeled training data). This resulted in
our training on 384,314query/documert feature vec-
tors, and on 3,464,289pairs.

6.2. Results

We trained six systems: for PRank, a linear and
guadratic kernel (Crammer & Singer, 2002) and
the Online Aggregate PRank - Bayes Point Machine
(OAP-BPM), or large margin (Harrington, 2003) ver-
sions; a single layer net trained with RankProp; and
for RankNet, a linear net and a two layer net with
10 hidden units. All tests were performed using a
3GHz machine, and eat processwas limited to about
1GB memory. For the kernel PRank model, train-
ing was found to be prohibitiv ely slow, with just one
epoch taking over 12 hours. Rather than learning
with the quadratic kernel and then applying a reduced
set method (Burges, 1996), we simply added a fur-
ther step of preprocessing,taking the features, and
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Table 3. Sample sizesused for the experiments.

Number of Queries | Number of Documerts
Train 11,336 384,314
Valid 2,834 2,726,714
Test 2,834 2,715,175

every quadratic combination, asa new feature set. Al-
though this resulted in feature vectors in a space of
very high (162,734)dimension, it gave a far lesscom-
plex systemthan the quadratic kernel. For ead test,
ead algorithm was trained for 100 epochs (or for as
many epochs asrequired sothat the training error did
not changefor ten subsequeh epochs), and after each
epoch it was tested on the 2,834 query validation set.
The model that gave the best results were kept, and
then used to test on the 2,834 query test set. For
large margin PRank, the validation set was also used
to choosebetweenthree valuesof the Bernoulli mean,

= f0:3;0:5;0:7g (Harrington, 2003), and to choose
the number of perceptronsaveragedover; the bestval-
idation results werefound for = 0:3 and 100 percep-
trons.

Table 4. Results on the test set. Con dence intervals are
the standard error at 95%.

Mean NDCG | Validation Test
Quad PRank 0.379 0.327 0:011
Linear PRank 0.410 0.412 0:010
OAP-BPM 0.455 0.454 0:011
RankProp 0.459 0.460 0:.011
One layer net 0.479 0.477 0:010
Two layer net 0.489 0.488 0:010

Table 5. Results of testing on the 11,336query training set.

Mean NDCG | Training Set
One layer net | 0.479 0:005
Two layer net | 0.500 0:005

Table 3 collects statistics on the data used;the NDCG
results at rank 15 are shown, with 95% con dence in-
tervals’, in Table 4. Note that testing was done in
batch mode (one query le tested on all models at a
time), and soall returned documerts for a given query

SWe do not report con dence intervals on the validation
set since we would still use the mean to decide on which
model to useon the test set.

Table 6. Training times.

Model Train Time
Linear PRank Ohr 11 min
RankProp Ohr 23 min
One layer RankNet | 1hr 7min
Two layer RankNet | 5hr 51min
OAP-BPM 10hr 23min
Quad PRank 39hr 52min

were tested on, and the number of documerts usedin

the validation and test phasesare much larger than

could be used for training (cf. Table 3). Note also
that the fraction of labeled documerts in the test set
is only approximately 1%, so the low NDCG scores
are likely to be due in part to relevant but unlabeled
documerts being given high rank. Although the di er-

encein NDCG for the linear and two layer nets is not
statistically signi cant at the 5% standard error level,
a Wilcoxon rank test shows that the null hypothesis
(that the mediansare the same)can be rejected at the
16%level. Table 5 shaws the results of testing on the
training set; comparing Tables4 and 5 shows that the
linear net is functioning at capacity, but that the two
layer net may still bene t from more training data. In

Table 6 we shaw the wall clock time for training 100
epochs for eadh method. The quadratic PRank is slow
largely becausethe quadratic featureshad to be com-
puted on the y. No algorithmic speedup techniques
(LeCun et al., 1998) were implemerted for the neural
net training; the optimal net was found at epoch 20
for the linear net and epoch 22 for the two-layer net.

7. Discussion

Can these ideas be extended to the kernel learning
framework? The starting point is the choice of a suit-
able cost function and function space (Schelkopf &
Smola, 2002). We can again obtain a probabilistic
model by writing the objective function as

xXn
F = C(Py Py )+ kfkj
i =1

(17)

wherethe second(regularization) term is the L, norm
of f in the reproducing kernel Hilb ert spaceH. F dif-
fers from the usual setup in that minimizing the rst

term results in outputs that model posterior probabil-
ities of rank order; it sharesthe usual setup in the sec-
ond term. Note that the represerter theorem (Kimel-

dorf & Wahba, 1971;Scelkopf & Smola,2002)applies
to this casealso: any solution f that minimizes (17)
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can be written in the form Burges, C. (1996). Simplied support vector decision
X0 rules. Proc. International Conference on Machine
f (x)= KX X1) (18) Learning (ICML) 13 (pp. 71{77).

i=1

since in the rst term on the right of Eq. 17, the
modeled function f appearsonly through its evalua-
tions on training points. One could again certainly
minimize Eq. 17 using gradient descem; however de-
pending on the kernel, the objective function may not
be convex. As our work here shows, kernel methods,
for large amounts of very noisy training data, must
be used with care if the resulting algorithm is to be
wieldy.

8. Conclusions

We have proposeda probabilistic cost for training sys-
temsto learn ranking functions using pairs of training
examples. The approac can be usedfor any di eren-
tiable function; we explored using a neural network
formulation, RankNet. RankNet is simple to train
and givesexcellert performanceon a real world rank-
ing problem with large amounts of data. Comparing
the linear RankNet with other linear systemsclearly
demonstratesthe benet of using our pair-based cost
function together with gradient descet; the two layer
net givesfurther improvemer. For future work it will
beinteresting to investigate extending the approad to
using other machine learning methods for the ranking
function; howewver evaluation speedand simplicity is a
critical constraint for such systems.
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